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Abstract 
 
Chloride-induced corrosion is regarded as one of the most important sources of deterioration 
in reinforced concrete (RC) structures, whose maintenance during their service life is of 
foremost importance in order to avoid unnecessary human risks and economic losses. The 
availability of effective mechanisms for quantifying the condition and performance of these 
structures is, therefore, indispensable. The search for improved methods to assess this type of 
corrosion and its impact on tensile mechanical properties is the main objective of this 
research.  
Time variant non-spatial models are currently the methods of choice for the assessment of the 
effect of corrosion on the mechanical properties of reinforcing bars. Although these models, 
based on the relationship between mechanical properties and critical points in the geometry, 
give fairly good predictions, they still leave room for improvement. The consideration of the 
spatial component of corrosion has barely been addressed in relation to reinforcing bars 
embedded in concrete. Thus, the present study focuses on the spatial structure of chloride-
induced corrosion on steel reinforcing bars and its effects on mechanical properties using a 
variety of approaches. The use of innovative techniques, originating from different disciplines 
and applications, has offered new possibilities in tackling this problem.  
First, based on the application of anodic current to steel reinforcing bars embedded in concrete 
from an external power source, a set of artificially corroded bars, at different degrees of 
severity, was produced. The use of a three-dimensional (3D) computerized imaging 
methodology was utilised to characterise these rebars in terms of a grid of corrosion depth 
measurements. 
After the acquisition of these measurements, use was made of a variety of surface metrology 
and image analysis techniques, through which a number of intensity, texture and shape 
corrosion quantifiers have been proposed for the spatial characterisation of corrosion patterns.  
Surface-metrological based parameters and image analysis-based features were found to yield 
useful metrics to investigate the corrosion structure of corroded rebars. The lack of an 
objective definition for a pit could be overcome with the characterisation of corrosion defects 
in terms of their depth and size using image segmentation.  
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All the corroded bars were subjected to a uniaxial tension test and the relevant tensile 
mechanical properties throughout the strain-stress response were recorded. It was confirmed 
that traditional non-spatial corrosion models had limitations in terms of identifying and 
utilising a single corrosion quantifier, and, as a result, the introduction of different possible 
spatial corrosion quantifiers was investigated, in order to improve the model performance.  
It was concluded that the addition of spatial quantifiers as predictors, resulted in improved 
predictions of mechanical properties, compared to the currently used non-spatial models. 
However, for the range of corrosion levels examined in this study, the improvement in the 
prediction was relatively modest (circa 10% on the coefficient of determination), confirming 
the maximum corrosion depth or the minimum cross-sectional area as the pre-eminent 
quantifiers. The range of techniques developed in this thesis can be implemented in other 
applications where spatial corrosion characteristics need to be explored. 
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    Introduction 
 
1. Introduction 
 
1.1 Preamble 
At a time when many developed countries have already built most of the infrastructure to 
fulfill their current needs, it is now essential to maintain existing ageing networks, particularly 
in the transport sectors. In the current financial situation, this has come as a big challenge. 
Governments worldwide apply budget restrictions to the maintenance of transport 
infrastructure and are, hence, pushed to optimise their maintenance plans. 
According to the 2013 Report Card for America´s Infrastructure (ASCE, 2013), 1 in 9 of US 
bridges are structurally deficient, while the average age of the more than 600,000 bridges in 
the country are currently over 42 years. To correct this situation by 2028, the country would 
need to invest $20.5 billion (£13.1 billion) each year, while only $12.8 billion (£8.2 billion) 
are currently spent.  And in the UK alone, with about 150,000 bridges, the number of 
substandard bridges was reported to be between 10% and 40% of the national highway 
network, depending on the county, and its estimated cost of replacement to be of the order of 
£4 billion (Dirar, 2014). These large stocks of structures valued in several hundreds of 
billions, require a thorough management. 
A notable number of the bridge structures constructed since the beginning of the 20th century 
are made of reinforced concrete (RC). One of the biggest sources of damage for such 
structures exposed to aggressive chloride environments (sea-spray and de-icing salts) is 
chloride induced corrosion. To illustrate the magnitude of the problem, the UK Department 
of Transport (DoT) estimates a total repair cost of £616.5 million due to corrosion damage to 
motorway bridges, which represent about 10% of the total bridge inventory in the UK 
(Broomfield, 2014). The total problem may therefore be 10 times the DoT estimate. Most of 
these highway bridges, built in the recent years, contain steel-and-concrete composite 
elements, either reinforced or pre-stressed. Having tools to identify and quantify with greater 
confidence and precision the condition of these structures, without compromising their safety 
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or functionality, is essential. Making rushed or incorrect decisions can result in major 
economic inefficiencies, as well a potential compromise of safety. 
The management of corroded structures, mainly bridges, involves a number of standardised 
maintenance inspection and assessment procedures to determine their condition, e.g. BD 
63/07 (Highway Agency UK, 2007) and BD 79/13 (Highway Agency UK, 2013). Assessment 
is organised into different levels according to the tools and information available or acquired 
specifically for this purpose; for the more advanced levels, structural performance of 
corrosion-damaged RC elements is commonly studied using advanced finite element analysis 
with the ability to capture the effects of damage. This type of assessment requires as input 
constitutive models for the materials (e.g. Kallias & Rafiq, 2010; Marsh & Frangopol, 2008). 
Hence, in order to improve the assessment of corroded RC structures, a detailed 
characterisation of the effects of chloride induced corrosion on the geometrical and 
mechanical properties of reinforcing bars (rebars) is needed. 
Most corrosion models found in the literature are based on crude characterisations of the 
effect of corrosion on the surface and volume of the bar. In pursuance of an improvement of 
current assessment techniques, particularly those that are underpinned by finite element 
modelling of deteriorated rebars, a more refined and accurate characterisation of corrosion 
effects on the geometric and material characteristics of these elements is needed.  
Moreover, physical characterisation of corrosion will have an important impact more 
generally on performance prediction, as it is a pre-requisite for the development of analytical 
models which can be used to assess the state of a corroded element under specific loading.  
1.2 Problem description 
Estimating the condition of infrastructure facilities at asset level is vital for a well-informed 
management and use of resources. Research has been undertaken in this field related to 
different construction materials for a wide range of conditions. In the particular case of 
reinforced concrete, studies have taken place on the individual materials, namely steel rebars 
and concrete, and on their joint behaviour regarding different deterioration phenomena, e.g. 
corrosion, freeze-thaw deterioration, chemical attack, etc. 
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Chloride induced corrosion has been modelled as having two main stages: chloride 
penetration and corrosion propagation (Tuutti, 1982a). Commonly, chloride penetration is 
described using Fick’s second law of diffusion (Collepardi et al, 1972) while corrosion 
propagation has been modelled using several alternative approaches. Most of these 
approaches represent corrosion as spatially uniform in terms of the relation between corrosion 
current, and consequent corrosion loss or remaining cross-sectional area, with time. However, 
spatially uniform corrosion does not represent the true characteristics of chloride induced 
corrosion which tends to be localized. The few models that have been developed for localized 
corrosion follow a similar approach, namely adjusting cross-sectional area loss through 
empirical factors based on maximum pit depth measurements typically made under laboratory 
conditions (e.g. Gonzalez et al., 1995).  
The bayesian network in Figure 1.1 shows the key factors having an effect on the mechanical 
properties of corroded rebars, namely non-spatial and spatial geometry properties and other 
factors such as possible changes in chemical composition or the random presence of material 
inhomogeneities. Spatial geometry of corrosion has received limited attention, possibly 
because of its complexity both in terms of obtaining the data and in its interpretation (e.g. 
Melchers et al., 2010). Improved assessment models could be developed by taking into 
account the spatial structure of corrosion which could, in turn, help in better estimating the 
extent of, and consequences from, deterioration. The characterisation of the corrosion 
structure, such as shape and location of the localised corrosion attacks, would therefore be an 
important aspect of condition assessment of corroded rebars. Hence, methods to objectively 
quantify and analyse these characteristics are needed.  
 
Figure 1.1 Key factors influencing the mechanical propertiesof corroded rebars 
Mechanical properties
(M)
Non-spatial 
geometry 
properties
(NS)
Other factors
(O)
Spatial 
geometry 
properties
(S)
  Introduction 
   
                                                                                                                                                             27 
  
1.3 Scope and Objectives 
The main objective of this thesis is to understand the spatial distribution of corrosion and its 
influence on the tensile mechanical properties on reinforcing bars. In particular, this thesis 
aims to:  
 Highlight the limitations of available time dependent methods to predict the behaviour 
of steel rebars affected by chloride-induced corrosion. 
 Develop a measuring methodology that enables to capture the spatial distribution of 
corrosion on the surface of reinforcing bars and underpins the development of spatial 
dependent corrosion models. 
 Apply different analytical techniques for the characterization of corrosion spatial 
patterns on steel rebars. 
 Analyse the effect of corrosion patterns on tensile mechanical properties of steel 
rebars.   
A number of different research areas have been addressed during the course of this study in 
order to achieve the stated objectives. The main steps that have been undertaken are detailed 
below: 
 Study the deterioration process induced by corrosion. 
 Critically review available methods for corrosion evaluation in the performance of 
reinforced concrete structures.  
 Plan and undertake an experimental campaign on accelerated corrosion to obtain a 
sufficient number of corroded specimens at different corrosion levels. 
 Develop an automated technique for the measurement of corrosion profiles on the 
surface of corroded rebars extracted from reinforced concrete specimens at a 
reasonable accuracy. 
 Create a database of measurements from which the most significant features of the 
corroded bars surface can be identified. 
 Apply image analysis techniques to the corrosion measurement database for pattern 
characterization. 
 Apply a range of spatial data analysis techniques to the same database. 
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 Plan and undertake tensile mechanical testing of the analysed corroded rebars. 
 Analyse statistically the correlation between corrosion pattern quantifiers and tensile 
mechanical properties of corroded rebars 
It is expected that the results of this project will open the door to the use of spatial and image 
analysis for the study of corrosion structure in different structural elements. The vast amount 
of techniques in these fields, which are unutilised by most structural and material engineers, 
could be of interest in many different cases of corrosion affected structures in addition to the 
specific elements (rebars) studied herein. Moreover, quantifying the effect of corrosion 
structure on their mechanical behaviour is an innovative approach which can help improve 
current assessment models, allowing better estimations of the structural condition and 
rationalising decisions regarding repair and maintenance actions. 
1.4 Thesis organisation 
This thesis is organised into eight chapters. Chapter 1 serves as an introduction, 
contextualising the study within the field of RC structures deterioration and explaining its 
relevance.  
Chapter 2 presents the state-of-art in the field of study. It is structured in the following areas: 
description of the corrosion process and its consequences  in the general field of RC structures 
and the more specific case of rebar corrosion; review of existing deterministic and 
probabilistic geometrical models describing corrosion effects on steel rebars; description of 
available measuring techniques for corroded surfaces, including an introduction to the 
principles of three-dimensional (3D) laser scanning and its use in the measurement of 
corrosion- induced degradation. 
Chapter 3 describes the experiments undertaken to obtain a group of corroded rebars. 
Different controlled laboratory techniques to simulate corrosion are elaborated together with 
their advantages and limitations. The selected method is discussed together with the details 
of the experiments. A methodology to automate the acquisition of corrosion depths on the 
surface of the rebars is developed. Different visualisations of the data are presented and basic 
geometrical analysis of corrosion is introduced.  
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Chapter 4 propounds different Intensity and Texture-based techniques for the characterisation 
of corrosion, namely surface metrological parameters and image analysis. These techniques 
are applied to the corroded rebar group developed in Chapter 3 and lead to a rich 
characterisation and visualization of corrosion patterns. 
Chapter 5 presents a further investigation into methods for the characterisation of corrosion 
patterns. This chapter makes use of shape-based quantifiers that are more commonly used in 
topographical surface studies. The methods are again used on the same rebar group with the 
results complementing those already found in Chapter 4. 
Chapter 6 reviews and compares available models for predicting the tensile mechanical 
properties of corroded rebars. It also presents the results of tensile mechanical testing of the 
corroded rebar group and discusses the results in the light of available studies. Influence of 
critical points in the reduction of the mechanical properties is analysed.   
Chapter 7 uses regression analysis to analyse the effect of corrosion structure (pattern) on the 
tensile mechanical properties of corroded rebars.  
Chapter 8 brings the original research objectives back into focus. Based on the findings it 
makes practical recommendations on the use of advanced corrosion characterisation 
techniques as a means of predicting tensile mechanical properties of rebars in concrete. The 
chapter also makes recommendations for future research to build on the findings presented. 
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2. Background and Literature Review 
 
2.1 Introduction 
This chapter reviews the literature relevant to understanding the mechanisms and effects of 
chloride-induced corrosion on reinforcing bars in concrete, as well as the available tools and 
practices for its modelling.  
 A concise exposition of the corrosion process, with special attention to chloride-induced 
deterioration, is presented. Models for initiation and propagation, both deterministic and 
probabilistic are critically reviewed. Special attention is given to models considering any type 
of spatial variability of the process. Finally, available corrosion measuring techniques are 
presented, including recent developments for spatial corrosion measurements based on 3D 
laser scanning.  
2.2 Corrosion Process in Reinforced Concrete Structures 
Deterioration of concrete can be caused by a number of processes, which can be classified in 
different ways. One of the possibilities is to group deterioration mechanisms according to the 
characteristics of the damaging factor into chemical and physical deterioration mechanisms. 
Chemical deterioration includes chloride attack, carbonation, acid attack, sulphate attack and 
alkaline aggregate reaction. Physical deterioration includes freeze-thaw, leaching, erosion 
and cracking (Basheer et al., 1996; Takewaka & Mastumoto, 1988). Mechanical 
deterioration, i.e. impact, overloading and vibration, could also be included in this 
categorisation (e.g. British Standard EN 1509-9, 2008), although in this category damage, 
rather than deterioration, may be present. Here a distinction is made between damage and 
deterioration, whereby the former is associated with sudden changes, often induced by 
accidental mechanical loading, and the latter refers to progressive, often slow, changes 
induced by a multitude of external aggressors. 
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Another possible classification is to divide the deterioration mechanisms according to their 
effect in concrete into direct and indirect mechanisms. Direct deterioration is defined as the 
deterioration of concrete due to the exposure to harmful substances (sulphate attack, freeze-
thaw, exposure to acids, alkali silica reaction and salt attack) which weaken the cement 
matrix. Indirect deterioration occurs when cracks and spalling become evident, due to the 
volume increase from the corroding rebars. In the case of indirect deterioration the cement 
matrix may not be directly affected by the penetration of damaging substances (Gaal, 2004). 
Corrosion, principally in the form of chloride attack but also as a result of carbonation, has 
been found as the main cause for concrete deterioration of highway structures in many 
countries. A break-down of the main causes of deterioration of concrete bridges in Japan 
(Mutsuyoshi, 2001) as reported by Gaal (2004) is shown in Figure 2.1. In the following 
sections,  the main characteristics of the two primary causes of corrosion in RC structures, 
namely chlorides and carbonation, are reviewed, so that the unique aspects of chloride-
induced corrosion, in terms of its effect on the properties of steel rebars, is emphasised.   
 
 
Figure 2.1 Causes of RC deterioration in Japan (Gaal, 2004) 
2.2.1 Main causes of corrosion 
2.2.1.1 Chloride attack 
Chloride induced corrosion is the primary cause of deterioration of reinforced-concrete 
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in concrete (deliberate addition of chloride set accelerators and use of sea water in the mix 
was common until the mid-1970’s) but are also diffused into the pores of the concrete due to 
marine exposure or de-icing salts (J Broomfield, 2007). 
Concrete provides an alkaline environment to steel, namely, a 𝑝𝐻 of approximately 12 to 13, 
which is, in other words, not acidic. At this high 𝑝𝐻 a thin oxide layer, known as the passive 
layer, forms on the steel and prevents metal from reacting. Chlorides attack the passive layer 
between concrete and steel and leave the path open to agents such as water and oxygen to 
begin the corrosion process. Chlorides are not themselves part of the corrosion process, and 
are not consumed by it, but act as catalysts (J Broomfield, 2007).  
The mechanisms of passive layer breakdown are quite complex, and there is not yet a clear 
consensus. Three general models exist to describe it: (i) adsorption-displacement models 
propose that the adsorption of 𝐶𝑙− with simultaneous displacement of 𝑂2−from the passive 
layer initiates film destruction; (ii) chemico-mechanical models suggest that, when the 
repulsive forces between absorbed ions are sufficiently large, chloride ions reduce the 
interfacial surface tension, resulting in crack formation which, in turn, weakens the passive 
layer and (iii) migration-penetration models suggest that 𝐶𝑙−competes with 𝑂𝐻−(or 𝑂2−)  to 
fill vacancies in the passive layer which breaks down when the later, 𝑖. 𝑒. 𝑂𝐻−and 𝑂2− , are 
greatly reduced (Montemor et al, 2003). 
Chloride in concrete is present in two forms: bound chlorides and free chlorides. Free 
chlorides are free ions within the pore solution of concrete. Bound chlorides can be divided 
into chemically and physically bound. The former are bound when chemically reacting with 
cement components (e.g. calcium aluminates and calcium chloroaluminates), thus being 
removed from the pore solution (American Concrete Institute, 2001). If the concrete is 
carbonated or exposed to sulphates, these chlorides are released and become available for the 
corrosion reaction (Gaal, 2004). Physically bound chlorides become physically trapped by 
adsorption or in unconnected pores. 
A number of studies have stated that the corrosion process is mainly influenced by the free 
chloride content (Ahmad, 2003; Xi & Bazant, 1999). However, experiments by Glass, Reddy 
& Buenfeld (2000) suggested that bound chlorides might also influence the initiation of 
corrosion.   
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There has been significant research on the amount of chloride that triggers depassivation (e.g. 
Ann & Song , 2007,  Alonso et al., 2000) . There is a lack of general agreement due to the 
fact that the cement properties, which influence chloride binding, depend on several 
parameters (e.g. concrete mix composition, water to cement ratio and temperature) and also 
because of the lack of agreement on the definition of the chloride threshold itself (more details 
can be found in Alonso et al. (2000)). The most used quantities to represent the threshold 
value are free chloride content by mass of cement,𝐶𝑙−/𝑂𝐻− ratio and total chlorides by mass 
of cement.  Guidance values for chloride threshold levels (CTL) can be found in Ann & Song 
(2007). 
2.2.1.2 Carbonation 
Carbonation is caused by carbon dioxide from the atmosphere that diffuses through the porous 
concrete producing a neutralizing reaction. It develops when carbon dioxide dissolves in 
water and reacts with calcium hydroxide present in hydrated concrete forming calcium 
carbonate (Khan & Lynsdale, 2002). Carbonation damage is often attributed to insufficient 
concrete cover or to concrete with an open pore structure. The latter is associated with a low 
cement content, high water cement ratio and poor curing of the concrete (J Broomfield, 2007). 
Carbonation advances as a front through the concrete until it reaches the reinforcing bars 
(American Concrete Institute, 2001). At the carbonation front, the 𝑝𝐻 of the pore solution 
drops to a value of approximately 8.5 which causes the passive layer described in section 
2.2.1.1 to dissolve. At this stage, and in the presence of the necessary amount of water and 
oxygen, general corrosion is normally initiated. The depth over which the 𝑝𝐻 value has 
dropped below 8.5 is called the carbonation depth.  
2.2.2 Transport mechanisms leading to corrosion 
2.2.2.1 Chloride transport 
The main transport mechanism of chlorides within concrete is diffusion. However, there are 
other important mechanisms which should not be neglected (e.g. capillarity and absorption) 
that contribute to the ingress of chlorides.  
Absorption (a.k.a. suction) appears to initiate the ingress process in the proximity of the 
concrete surface. When the surface of the concrete is dry, non- saturated concrete absorbs the 
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solution of chlorides by micro-cracks and pores. Then, the capillarity, which is quantified 
through the difference of hydraulic pressure between two adjacent sections, produces the 
movement of the salt water through the capillary pores (Medeiros & Helene, 2009). Diffusion 
is the mechanism affecting at longer distances from concrete surface. It consists on the 
movement of chloride ions under a concentration gradient. The rate of diffusion depends on 
several factors, such as water/cement ratio, type of cement, temperature and maturity of 
concrete (American Concrete Institute, 2001). 
During the penetration of the chlorides into concrete, it is usually assumed that the concrete 
cover is uncracked and equal to the specified value. However, studies investigating the effect 
of cracks in the penetration of chlorides have highlighted the importance of crack width on 
the transportation of chlorides inside the concrete. Takewaka (2003) established that for initial 
cracks (e.g. generated due to thermal stress) of less than 0.05 mm in width, the diffusivity 
was seldom affected, whereas cracks wider than 0.1 mm affected this property substantially. 
In contrast, Gaal (2004) suggested that, for crack widths between 0.05mm and 0.5mm, the 
additional chloride ingress was negligible.  
Other parameters studied have been crack depth and concrete cover. Marsavina et al (2009) 
showed that chloride penetration depth is increasing with increased cracks depths. The 
influence of crack width/cover ratio on corrosion initiation was studied by Gowripalan et al 
(2000) on concrete cracked in flexure.  
2.2.2.2 Carbonation 
Structures with a thin concrete cover, low amounts of hydroxyls in the pores, or with pores 
that easily allow the entrance of carbon dioxide are prone to carbonation. As aforementioned, 
carbonation is more common in concrete with low cement content, high water/cement ratio 
and poor curing (J Broomfield, 2007).  
The carbonation front diffuses at a rate that can be approximated by Fick´s diffusion law, 
which is further discussed in section 2.4.1. However, cracks, concrete composition and 
variation in moisture levels produce deviations from such analytical predictions. The ingress 
of carbon dioxide is higher at low relative humidity but the reaction with cement is higher at 
high humidity (American Concrete Institute, 2001). More specifically, studies have indicated 
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that carbonation prone scenarios are those with periodic wetting and drying of the structure, 
especially when the interval of relative humidity ranges between 60 and 90% (Mallett, 1994). 
However, not all the effects from carbonation are negative. Experiments showed that 
carbonation may compensate some concrete properties such as compressive strength, splitting 
strength, electrical resistivity and chloride ion penetration (Chi et al, 2002). Therefore, in non-
reinforced concrete, it may be beneficial at a low degree, which, in any case, may be inevitable 
for most structures. 
2.2.3 The process of reinforcement corrosion 
Metals corrode in acid environments, therefore, under normal circumstances, steel remains 
passive when surrounded by concrete due to its highly alkaline 𝑝𝐻. 
The alkalinity of concrete is provided by pore solutions formed by calcium hydroxide and 
small percentages of other alkali ions, such as sodium and potassium ions, which maintain a 
𝑝𝐻 balance between 12 and 13. This creates a passive layer on the steel surface. The 
composition of this layer is part metal oxide/hydroxide and part mineral from the cement. 
If, however, due to certain factors, the passivity of steel is destroyed, the rebars would come 
into an active phase and start to corrode. As aforementioned, the main factors that trigger 
corrosion in RC structures are chloride ingress or carbonation of concrete. By a complex 
process, these factors lead to a transition from a passive to an active phase (J Broomfield, 
2007).  
Corrosion of steel in concrete is an electrochemical process with anodic and cathodic half-
cell reactions. For corrosion to occur four basic elements are required: (1) anode (site where 
corrosion takes place and current flows from), (2) cathode (site where no corrosion occurs 
and current flows to), (3) electrolyte (a medium capable of conducting electric current, i.e. 
concrete pore water) and (4) metallic path (connection between the anode and cathode, which 
allows current return and completes the circuit, i.e. rebars) (Daily, 1999). It is worth noting 
that the chemical reactions associated with the corrosion process, which are presented in the 
following, are largely independent of the factor that triggered it. 
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Figure 2.2 Scheme of corrosion electrochemical process (Ahmad, 2003) 
The chemical reactions that take place in the corrosion process are called REDOX (reduction-
oxidation) reactions. The oxidation occurs in the anode where the corroded steel dissolves in 
the pore water and gives up electrons. The electrons created in the anodic reduction are 
consumed in the cathode to preserve the electrical neutrality (Broomfield, 2007).  
The most common anodic reactions, depending on the 𝑝𝐻 of intersticial electrolyte, presence 
of aggressive anions, existence of appropriate electrochemical potential and availability of 
oxygen at the steel surface are: 
3𝐹𝑒 + 4𝐻2𝑂 → 𝐹𝑒3𝑂4 + 8𝐻
+ + 8𝑒− 
2𝐹𝑒 + 3𝐻2𝑂 → 𝐹𝑒2𝑂 + 6𝐻
+ + 6𝑒− 
𝐹𝑒 + 2𝐻2𝑂 → 𝐻𝐹𝑒𝑂2
− + 3𝐻+ + 2𝑒− 
𝐹𝑒 → 𝐹𝑒2+ + 2𝑒− 
The possible cathodic reactions depend on the availability of 𝑂2 and on the 𝑝𝐻in the vicinity 
of the steel surface. The most likely reactions are: 
2𝐻2𝑂 + 𝑂2 + 4𝑒
− → 4𝑂𝐻− 
2𝐻+ + 2𝑒− → 𝐻2 
As a result, the net reaction of the processes at the anode and cathode is the formation of iron 
hydroxides: 
𝐹𝑒++ + 2(0𝐻)− → 𝐹𝑒(𝑂𝐻)2 
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The iron hydroxide has a low solubility and will precipitate near the reinforcement. If enough 
oxygen is available, the iron hydroxides will react to iron (hydro) oxides, which are 
commonly known as forms of “rust”: 
2𝐹𝑒(𝑂𝐻)2 +
1
2⁄ 𝑂2 → 𝐹𝑒2𝑂3(𝐻𝑒𝑚𝑎𝑡𝑖𝑡𝑒) + 2𝐻2𝑂 
2𝐹𝑒(𝑂𝐻)2 +
1
2⁄ 𝑂2 → 2𝐹𝑒2𝑂(𝑂𝐻)(𝐺𝑜𝑒𝑡ℎ𝑖𝑡𝑒) + 2𝐻2𝑂 
In the case when water is also available at the reinforcement level, other forms of “rust” 
(hydrated rust) are produced. The associated reaction can take the following forms: 
4𝐹𝑒(𝑂𝐻)2 + 2𝐻2𝑂 + 𝑂2 → 4𝐹𝑒(𝑂𝐻)3 
2𝐹𝑒(𝑂𝐻)3 → 𝐹𝑒2𝑂3. 𝐻2𝑂 + 2𝐻2 
As can be seen, the previous reactions are dependent on a number of different factors, such 
as the 𝑝𝐻 or the availability of oxygen or pore water. It is important to identify factors that 
accelerate the corrosion process, which can be classified in two groups: external factors and 
internal factors (Ahmad, 2003). 
External factors are mainly environmental: chloride concentration at rebar level; availability 
of oxygen and moisture at rebar level; relative humidity and temperature; carbonation and 
entry of acidic gaseous pollutants to rebar level; aggressive anions reaching rebar level; stray 
currents and bacterial action. 
Internal factors mainly comprise concrete and steel properties: concrete porosity; cement 
composition; impurities in aggregates; impurities in mixing and curing water; admixtures; 
w/c ratio; cement content; aggregate size and grading; construction practices; cover over 
reinforcing steel and chemical composition and structure of the reinforcing steel. As this topic 
is of interest in laboratory testing undertaken during the present research, further discussion 
on factors influencing corrosion is presented in Chapter 3. 
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2.2.4 Local and uniform corrosion and their effect on performance of 
RC structures 
Corrosion of reinforcing steel in concrete can exhibit different surface and depth 
characteristics depending on the location of the anodic and cathodic zones (Jaggi et al , 2001). 
The two most commonly found types of corrosion are: local and uniform.  
Uniform, or generalised, corrosion is characterised by an attack to the whole surface of the 
metal. It develops when anodic and cathodic reactions are immediately adjacent, creating 
microcells. The most common cause for uniform corrosion is the carbonation of the concrete 
over wide areas, or very high and uniform chloride contents. Thickness loss is approximately 
uniform across the exposed surface. 
Local, or localised, corrosion is produced when the anodic and cathodic processes are not 
evenly distributed but small concentrated anodes appear next to large cathodes (sometimes 
quite separated from one another), which are known as macrocells. It is associated with high 
levels of moisture which give low electrical resistance in the concrete and easily transport 
ions so the anodes and cathodes can separate freely. This type of corrosion is representative 
of a chloride-induced attack. Localised corrosion can lead to the creation of cavities or “holes” 
in the material, known as pits, hence it is also known as pitting corrosion. Pits are typically 
initiated by breaks in the protective layer with the oxygen deficiency on the base of the pit 
promoting further growth. The increase of the number and size of these pits, which join up 
with time, can end up being similar to an advanced stage of generalised corrosion 
(Broomfield, 2007). 
Due to the focus of this research on chloride-induced corrosion, which is characterised by a 
localised manifestation, some aspects of the development of the process after the breakdown 
of the passive layer are highlighted, as they are important in understanding the resulting 
geometry. Figure 2.3 illustrates in a simplified way the pit growth process. Depassivation, 
caused by chlorides breaking down the passive layer, is followed by pit nucleation, i.e. the 
birth of the pit (Figure 2.3a). The pit can repassivate immediately or, as shown in Figure 2.3b 
and Figure 2.3c, grow for a limited time period and then repassivate. The stage where the pit 
repassivates is known as metastable pitting. Metastable pits have dimensions in the micron 
order. If the metastable pit survives, it can continue to grow becoming a large stable pit which 
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can be detected by human eye. Figure 2.3d shows examples of metastable and stable pits.  
Large pits can stop growing (leading to the death of the pit) if the conditions are not 
sufficiently aggressive (Burstein et al, 2004). According to the literature, a critical depth at 
which initiated pits will grow to the stable stage is approximately 100𝜇m (Tsukaue et al, 
1994), and the time required from nucleation to a pit’s stable stage is known as initiation time. 
Details on the processes that govern these stages can be found in Frankel (2003). As will be 
seen in section 2.4, both metastable and stable pits have been studied in literature from the 
point of view of corrosion modeling.  
 
  
(a) (b) 
  
(c) (d) 
Figure 2.3 Scheme of pit growth (a) depassivation, (b) pit nucleation and initial growth, 
(c) metastable pitting and (d) metastable and stable pitting 
 
The development of corrosion in RC structures has a number of effects. There are four major 
problems caused by corrosion (Val & Stewart, 2009): 
- Loss of cross-sectional area of the reinforcing bars 
- Changes in the mechanical properties of the reinforcing steel 
- Reduction of bond between steel and concrete 
- Cracking, spalling and delamination of the concrete 
The last two effects are most common for generalised corrosion. The oxide of iron produced 
in localised corrosion is different from that produced in general corrosion with lower volume 
Original passive layer
Steel rebar Steel rebar
Steel rebar
New passive layer
Steel rebar
Metastable pit Stable pit
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per unit mass. Thus, localised corrosion, does not often affect, at least at moderate corrosion 
levels, the concrete cover and produces little rust staining in the external concrete surfaces, 
as a result being difficult to detect through usual visual inspections (Val & Melchers, 1997). 
This research addresses the two first detrimental effects. Loss of cross-sectional steel area 
will be discussed in section 2.4 while additional effects produced by corrosion on the rebars’ 
mechanical properties are described in detail in Chapter 6.  
2.3 Modelling of corrosion deterioration 
A thorough classification of models found in literature is undertaken in this section. From the 
point of view of modelling, the corrosion process in RC structures has been traditionally 
divided into two different stages: initiation and propagation. The initiation phase describes 
chloride ingress and ends by the depassivation of the reinforcement, which then marks the 
beginning of the propagation phase. This conceptual two-stage model, originally proposed by 
Tuutti (1982), is shown in Figure 2.4. A brief introduction to the initiation stage is included 
in this section for the purpose of completeness. However, due to the focus of this research 
being the characterisation of corroded surfaces, the main focus of this section is in the study 
of propagation of corrosion models. This classification emphasises the models’ main 
distinctive characteristics, specifically: the environment in which they are intended to be used, 
the possible geometry of the elements under study, and the type and nature of corrosion 
addressed. 
The environment is the medium surrounding the steel element. If the steel is embedded in 
concrete, the deteriorating agents have to penetrate first the concrete protection layer (e.g. 
chloride contamination and carbonation). If the bare steel is outside concrete, the surrounding 
medium can be air, water or underground soils which can also have pollutants that directly 
affect the steel. The type of environment is accounted for in the modelling of the initiation, 
e.g. chloride penetration in concrete, carbon penetration in concrete or no initiation in bare 
steel. Only models for chloride-induced corrosion are reviewed in this section. In contrast, 
modelling of the propagation stage does not depend on the environment, hence, the models 
reviewed apply to any environment, provided the appropriate type of corrosion, namely 
localised or generalised, is identified.  
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Figure 2.4 Corrosion induced deterioration model (Tuutti, 1982a) 
Structural elements prone to corrosion include reinforcing bars, plates and pipes. These 
elements have distinct geometries with specific models used for describing and predicting 
corrosion and its effects. For instance, pipes have an inside and outside surface and hence 
there is a need to distinguish external from internal corrosion. Moreover, the physical 
appearance of corrosion can vary, ranging from uniform (generalised all over the area 
subjected to corrosion) to localised (concentrated in some parts of the area under corrosion). 
The latter can have varying degrees of localisation, with pitting corrosion being the most 
localised form. 
Another factor that affects the characteristics of corrosion is the nature of the process itself. 
The electrochemistry behind natural and accelerated corrosion is not the same, and this has 
an influence on corrosion appearance, which will be addressed in more detail in section 3.2.2. 
Temporally speaking, higher degrees of corrosion are achieved in shorter periods of time 
under accelerated conditions. Spatially speaking, a rebar corroded in a natural corrosive 
environment presents corrosion mainly on its surface facing the concrete cover, whereas 
artificially corroded rebars may present corrosion on the whole surface of the rebar. 
2.3.1 Initiation models 
As explained in section 2.3.2.1, although diffusion is not the only ingress mechanism of 
chlorides in concrete, diffusion-based models are widely used to predict the initiation of 
reinforcement corrosion in concrete.  
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The mathematical model for the diffusion of substances in permeable materials was proposed 
by Fick in 1855 and is known as Fick’s second law: 
𝜕𝑐
𝜕𝑡
= 𝐷 ∙ (
𝜕2𝑐
𝜕𝑥2
+
𝜕2𝑐
𝜕𝑦2
+
𝜕2𝑐
𝜕𝑧2
) (1) 
where c is the concentration of the diffusing substance at time t and at location (x ,y, z) in the 
three-dimensional situation and D is the diffusion coefficient.  Depending on the element 
considered, two and one-dimensional variants of this equation can be developed; however, 
most studies focusing on rebar corrosion use the one-dimensional version. The solution for 
this equation depends on the selected boundary conditions and simplifying assumptions.  
Collepardi et al (1972) suggested the use of Fick’s second law for chloride diffusion in 
concrete. For more details, a historical record on diffusion theory development and its 
application to chlorides in concrete can be found in Sandberg (1996). 
General solutions for the diffusion equation were obtained by Crank (1975) for a variety of 
initial and boundary conditions. For the case of constant diffusion coefficient, constant 
surface chloride content 𝐶𝑠 and initial condition specified as C=0 for x >0, t =0, the inferred 
solutions is the following equation: 
𝐶(𝑥, 𝑡) = 𝐶𝑠 [1 − erf (
𝑥
2√𝐷 ∙ 𝑡
)] 
(2) 
where C(x, t) is the chloride concentration at depth x after time t, 𝐶𝑠 is the chloride 
concentration at the surface, D is the diffusion coefficient,  t is the time of exposure and erf 
is the error function. 
This equation has been frequently used to calculate the depth of chloride ingress and the time 
to initiation of corrosion when the chlorides reach the reinforcement depth. Other authors that 
have proposed similar prediction models are Browne (1980), Poulsen (1990) and Tuutti 
(1982). 
Some studies have shown that chloride diffusion coefficient tends to decrease with time(e.g. 
HETEK, 1996) and that after approximately five years of exposure it approaches a constant 
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value (Bamforth & Price, 1997). Therefore, the assumption of constant diffusion coefficient 
(D) may be accepted more readily for existing structures.  
Some researchers have considered the time-dependency of the diffusion coefficient, e.g. 
Takewaka & Mastumoto (1988) modelled the variability of the diffusion coefficient (D) as 
decreasing with time of exposure in the form𝑡−0.1 and Tang & Nillson (1992) found from 
experimental tests that the measured diffusion coefficient in young concrete decreased with 
time: 𝐷(𝑡) = 𝑎 ∗ 𝑡−𝑛 where t is the concrete age,  𝑎 and 𝑛 are constants. A review of chloride 
diffusion models considering time-dependent diffusion coefficients can be found in Luping 
& Gulikers (2007). 
The variability of surface chloride concentration (𝐶𝑠) has also been considered in some 
studies, e.g. Uji et al (1990) suggested  time dependency of chloride concentration: 𝐶𝑠𝑎(𝑡) =
 𝑆1 ∗ 𝑡
0.5, where 𝑆1 is the surface chloride concentration after 1 year of exposure and 𝑡 is the 
time of exposure. A review of models for variability of surface chloride concentration can be 
found in Que (2009). 
Finally, some authors have adopted a probabilistic approach to address the random nature of 
the corrosion initiation process, e.g. Vu & Stewart (2000), by introducing probabilistic 
models for the chloride concentration at surface, the diffusion coefficient, etc. 
2.3.2 Propagation models 
A number of models for the propagation of corrosion with time in reinforcing bars in concrete 
have been proposed in the literature. Moreover, models for the development of corrosion 
deterioration in other geometries such as plates and pipes have been found relevant. Studies 
have been undertaken under different environmental conditions (natural or artificial 
corrosion) and physical appearance of corrosion (uniform or localised).  
The models reviewed in the following sections will range from quite specific models (rebars 
in concrete) to models with wider applicability, and from simpler deterministic approaches to 
their more versatile probabilistic counterparts.  
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2.3.2.1 Uniform corrosion 
Because corrosion occurs via electrochemical reactions, as seen in section 2.3.3, numerous 
models have been proposed for the prediction of corrosion propagation based on 
electrochemical principles. These models make use of Faraday’s Law which relates the 
corrosion current to the material loss (Ahmad, 2009). According to Faraday’s Law, the rates 
of the anodic and cathodic reactions must be equivalent, being determined by the total flow 
of electrons from anodes to cathodes, namely the corrosion current , 𝐼𝑐𝑜𝑟𝑟.The relationship 
between material loss and corrosion current is then defined by the following equation: 
𝑀𝑡ℎ =  
𝑊 ∙ 𝐼𝑐𝑜𝑟𝑟 ∙ 𝑡
𝐹
 
(3) 
where 𝑀𝑡ℎ is the theoretical mass of rust per unit of surface area (𝑔 𝑐𝑚
2⁄ ),𝑊 is the equivalent 
weight of steel (27.925g), 𝐼𝑐𝑜𝑟𝑟 is the applied current density (𝐴 𝑐𝑚
2⁄ ), 𝑡 is the duration 
(𝑠𝑒𝑐) and 𝐹is Faraday’s constant (96487 A ∙ sec). In accordance with Faraday’s Law, 
1µ𝐴/𝑐𝑚2= 11.6 µm section loss/year.  
One of the first studies on deterioration rate of corroded  rebars in concrete was carried out 
by Tuutti (1982). The study used a corrosion cell cast in concrete to estimate corrosion of the 
reinforcing bars by assuming that the cell current was equivalent to the rate of corrosion. The 
general statement was made that when the current exceeded 1µ𝐴 𝑐𝑚2⁄ , the corrosion process 
had been initiated and the rate of corrosion was considerable. 
Clear (1989), based on results obtained from the combination of experimental and field 
studies on corroded rebars, proposed guidelines to be used in data interpretation (assuming 
constant corrosion rates with time) as shown in Table 2.1. 
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Table 2.1 Corrosion rates and condition (Clear, 1989) 
Current Density 𝑰𝒄𝒐𝒓𝒓 Corrosion Condition 
𝐼𝑐𝑜𝑟𝑟 < 0.5µ𝐴/𝑐𝑚2  (6 𝜇𝑚 𝑦𝑒𝑎𝑟⁄ ) 
No corrosion damage 
expected 
0.5µ𝐴/𝑐𝑚2 < 𝐼𝑐𝑜𝑟𝑟 <  2.7µ𝐴/𝑐𝑚2  (6 − 30 𝜇𝑚 𝑦𝑒𝑎𝑟⁄ ) 
Corrosion damage possible in 
the range of 10 to 15 years 
2.7 µ𝐴/𝑐𝑚2 < 𝐼𝑐𝑜𝑟𝑟 <  27µ𝐴/𝑐𝑚2  (30 − 300 𝜇𝑚 𝑦𝑒𝑎𝑟⁄ ) 
Corrosion damage expected in 
2 to 10 years 
𝐼𝑐𝑜𝑟𝑟 > 27µ𝐴/𝑐𝑚2  (300 𝜇𝑚 𝑦𝑒𝑎𝑟⁄ ) 
Corrosion damage expected in 
2 years or less 
 
Similarly, Broomfield (2007) proposed some criteria for the qualitative analysis of 
deterioration rate for reinforcing bars in concrete based on current density measurements. 
These results were also extracted from field and laboratory investigations (Table 2.2). 
Table 2.2 Corrosion rates and condition (Broomfield, 2007) 
Current Density𝑰𝒄𝒐𝒓𝒓 Corrosion Condition 
𝐼𝑐𝑜𝑟𝑟 < 0.1µ𝐴/𝑐𝑚2   (1.16 𝜇𝑚 𝑦𝑒𝑎𝑟⁄ ) Passive condition 
0.1µ𝐴/𝑐𝑚2 < 𝐼𝑐𝑜𝑟𝑟 <  0.5µ𝐴/𝑐𝑚2 (1.16 − 5.8 𝜇𝑚 𝑦𝑒𝑎𝑟⁄ ) Low to moderate corrosion 
0.5 µ𝐴/𝑐𝑚2 < 𝐼𝑐𝑜𝑟𝑟 <  1µ𝐴/𝑐𝑚2(5.8 − 11.6 𝜇𝑚 𝑦𝑒𝑎𝑟⁄ ) Moderate to high corrosion 
𝐼𝑐𝑜𝑟𝑟 > 1µ𝐴/𝑐𝑚2 (11.6 𝜇𝑚 𝑦𝑒𝑎𝑟⁄ ) High corrosion rate 
 
Analytical approaches to evaluate the level of corrosion in a rebar focused on the calculation 
of remaining sectional area with time. These models commonly simplify corrosion 
propagation by assuming general corrosion on the whole rebar length. 
Laboratory experiments by Andrade et al (1990) led to the development of a model relating 
corrosion intensities with the reduced diameter for steel in concrete: 
𝑑(𝑡) =  𝑑0  − 0.023 ∙ 𝐼𝑐𝑜𝑟𝑟 ∙ 𝑡 
(4) 
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where 𝑑(𝑡) is the reinforcement diameter (mm) at time 𝑡(years) after the beginning of 
propagation period, 𝑑0 is the initial diameter of the reinforcement (mm), 𝐼𝑐𝑜𝑟𝑟 is the corrosion 
current density (µ𝐴/𝑐𝑚2) and 0.023 is a factor to convert current density in µA/cm2 to 
penetration rate in 𝑚𝑚/𝑦𝑒𝑎𝑟.  
2.3.2.2 Localized corrosion 
Similar to the generalised corrosion situation, the approach used by models that predict pitting 
corrosion attack on reinforcing bars is to calculate the corroded rebar cross sectional area as 
a function of the corrosion current. In these models, for simplification purposes,   general 
corrosion on the whole rebar length is corrected by a pitting factor. However, the distribution 
of pit depths and the spatial variation of corrosion are not tackled in any detail. 
The pitting factor, 𝛼, first suggested by Tuutti (1982), represents the relation between 
maximum pit depth and uniform corrosion penetration from experimental tests (𝛼 =
𝑃𝑚𝑎𝑥 𝑃𝑎𝑣⁄ ). Tuutti (1982) suggested a value of pitting factor between 4 and 10 for steel 
reinforcing bars of 5 and 10 mm diameter with lengths of 150-300 mm. Gonzalez et al (1995) 
found pitting factor ranged from 4 to 8, in natural corrosion on rebars with 8mm diameters 
and lengths of approximately 125 mm , and from 5 to 13, in accelerated corrosion tests on 
rebars of 6-16 mm diameters and equivalent lengths. 
Rodriguez et al. (1996) were some of the first to address the localised nature of chloride 
corrosion. Using the pitting factor,𝛼, they defined a minimum corroded diameter: 
𝑑(𝑡) = 𝑑0 − 0.0115 ∙ 𝛼 ∙ 𝐼𝑐𝑜𝑟𝑟 ∙ 𝑡 
(5) 
where 𝑑0 is the undamaged rebar diameter in mm, 𝛼 takes values of 2 for homogeneous 
corrosion and reaches values of 10 for localised corrosion (Figure 2.5), 𝐼𝑐𝑜𝑟𝑟 is the average 
value of corrosion rate in µA/𝑐𝑚2 and t is time in years after corrosion starts. 
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Figure 2.5 Rodriguez’s pitting corrosion model vs uniform corrosion model 
Poulsen (Klinghoffer et al, 2000) also suggested the introduction of a correction factor 𝛼, 
which had a value of 1 for general corrosion and larger than 1 for pitting corrosion: 
Δd = 2∙10-3∙ 𝛼 ∙ 𝐼𝑐𝑜𝑟𝑟(t)∙ t 
 
(6) 
where Δd is the loss of diameter with time (mm), 𝛼 = correction factor and 𝐼𝑐𝑜𝑟𝑟 = corrosion 
rate (µm/year) at time t and t is time since corrosion initiation (years) .  
A more refined model by Val & Melchers (1997) focused on the idealisation of the cross- 
sectional loss due to corrosion as  a hemispherical-shaped attack: 
 
Figure 2.6 Cross-sectional loss due to corrosion (Val & Melchers, 1997) 
𝐴𝑟 (𝑡) 
𝐴1 
a
𝜃1  
𝜃2  
𝐴2 
𝑝(𝑡) 
𝑑0 
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The remaining cross-sectional area of a corroded rebar, 𝐴𝑟  ( in mm), at time T was estimated 
as: 
  
𝜋∙𝑑𝑜
2
4
− 𝐴1 − 𝐴2, 𝑝(𝑡) ≤
√2
2
𝑑0 
𝐴𝑟(𝑇) = 𝐴1 −  𝐴2,   
√2
2
𝑑0 < 𝑝(𝑡) ≤ 𝑑0 
  0,   𝑝(𝑡) > 𝑑0 
 
(7) 
Each of the parameters used for the calculation of the remaining area  can be derived from 
the simplified assumption of a hemispherical geometry for the corrosion attack as follows: 
𝐴1 =  
1
2
[𝜃1 (
𝑑0
2
)
2
−  𝑎 |
𝑑0
2
−
𝑝(𝑡)2
𝑑0
|] (8) 
𝐴2 =  
1
2
[𝜃2𝑝(𝑡)
2 −  𝑎
𝑝(𝑡)2
𝑑0
] 
(9) 
𝑎 = 2 ∙ 𝑝(𝑡) ∙ √1 − [
𝑝(𝑡)
𝑑0
]
2
 
(10) 
𝜃1 = 2 ∙  𝑎𝑟𝑐𝑠𝑖𝑛 (
2𝑎
𝑑0
); 𝜃2 = 2 ∙  𝑎𝑟𝑐𝑠𝑖𝑛 [
𝑎
𝑝(𝑡)
] (11, 
12) 
 
And the depth of the attack, 𝑝(𝑡), can be calculated as: 
𝑝(𝑡) = 0.0116 ∙ 𝑡 ∙ 𝐼𝑐𝑜𝑟𝑟∙𝛼 
(13) 
where 𝐼𝑐𝑜𝑟𝑟 is the corrosion rate (µA/𝑐𝑚
2), t is time since initiation of corrosion (years), 𝛼= 
4-8 is the empirical pitting factor and p(t) is in mm. 
Yuan & Ji (2009)also questioned the uniform corroded pattern around the perimeter of the 
steel bar and proposed a model where the corrosion products distribute on the hemi-circle 
facing the concrete cover only. The model was based on the analysis of accelerated corrosion 
specimens. Considering 0 ≤ 𝜗 ≤  180°: 
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𝑑(𝜗) = 𝑅 −  
𝑅 ∙ (𝑅 − 𝑑𝑎)
√(𝑅 − 𝑑𝑎)2 ∙ cos 𝜗2 + 𝑅2 ∙ sin 𝜗2
 (14) 
where 𝑑𝑎is calculated from: 
𝑑𝑎 = 2 ∙ 𝑅 ∙ 𝜂 
(15) 
where 𝑑(𝜗)is the corroded thickness at 𝜗, 𝑅is the radius of the non-corroded bar,  𝑑𝑎is the 
maximum corroded thickness closest to the concrete cover (𝜗 = 90°)and 𝜂is the percentage 
mass loss at the section calculated from gravimetric tests. 
 
Figure 2.7 Model of corroded section configuration (Y. Yuan & Ji, 2009) 
As shown above, the majority of models for the prediction of corrosion time profiles quantify 
deterioration, namely remaining cross-sectional area, through the corrosion current. 
Generally, instantaneous measurements or predictions of constant corrosion current values 
are used. The main problem of using this type of measurements is that usually there is not 
enough information to express the corrosion current density as a function of time, thus 
misestimating the deterioration. Otieno et al (2011) proposed to improve the prediction and 
assessment of corrosion current by considering factors such as cover cracking, resistivity, 
concrete quality and cover depth when predicting current values or using probabilistic 
methods to account for its intrinsic variability among others. Considering the objectives of 
the present research, these models will not be further reviewed here , however, the reader is 
referred to Raupach (2006), Otieno et al. (2011) and Papakonstantinou & Shinozuka (2013) 
for detailed reviews of corrosion current models. 
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2.3.2.3 Spatial characteristics 
When discussing localized corrosion, it is typically done in terms of pits and their geometry, 
principally their size and depth. The identification of pits is the first step for characterising 
corrosion. However, the definition of a pit is unclear. For, although the archetypical pit is 
clear, i.e. a local through in corrosion, there are many complexities such as adjacent defects 
that join together, crack-like defects and other geometries that might complicate the process.  
With regard to corroded reinforcing bars, a clear definition of pit has not been found in the 
literature. The most common way of defining corrosion defects is by visual evaluation of the 
corroded surface. This is a flexible and versatile approach, but relies on subjective judgment.  
The only normalized reference to identification and classification of pits has been found in 
the Standard Guide for Examination and Evaluation of Pitting Corrosion (ASTM 
International, 2005). It gives some advice for the visual identification of pits (e.g. cleaning 
procedures for the corroded surface, examination conditions, etc.) and contains a visual chart 
for rating of pitting corrosion based on shape, density, size and depth. Cross-sectional shape 
of pits is divided into: narrow and deep; elliptical; wide and shallow; subsurface and 
undercutting. Moreover, according to microstructural orientation, pits can be horizontal or 
vertical (Figure 2.8). Five categories for density (meaning the number of sites per unit area), 
size (average area of the sites) and depth of the attack are also described (Table 2.3). 
Table 2.3 Rating chart for density, size and depth of pits (ASTM International, 2005) 
Density (𝒔𝒊𝒕𝒆𝒔/𝒎𝟐) Size (𝒎𝒎𝟐) Depth (𝒎𝒎) 
2.5 ∙ 103 0.5 0.4 
1 ∙ 104 2 0.8 
5 ∙ 104 8 1.6 
1 ∙ 105 12.5 3.2 
5 ∙ 105 24.5 6.4 
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Figure 2.8 Variations in the cross-sectional shape of pits (ASTM International, 2005) 
 
In contrast, the definition for the identification of corrosion defects is more mature in the field 
of corrosion of steel oil, gas and water pipes. In this field, a corrosion defect is considered an 
individual defect when it is not influenced by adjacent defects neither geometrically nor 
mechanically. It is common to use limits on the circumferential and longitudinal distances 
between defects to address their interaction and to define different types of corrosion defects 
based on their sizes, i.e. width and length.  
As reported by Cronin (2000), some authors have classified corrosion defects according to 
their geometry and interaction, from which the work of Kiefner & Vieth (1990) and Stephens 
(1993) is highlighted. Kiefner & Vieth (1990) proposed three types of defects: type I (defects 
which interact in the circumferential direction), type II (defects that lie in the same 
longitudinal plane and can interact in the longitudinal direction) and type III (a corrosion 
defect which is contained within another defect). They also came up with some limiting 
distances (both longitudinal and horizontal) to check for defect interaction. On the other hand, 
Stephens (1993) reportedly proposed four types of defects: (1) short and narrow (pits), (2) 
long and narrow (axial defects or long grooves), (3) short and (4) wide (circumferential 
defects) and long and wide (general corrosion defects).  
In a report on best practice for assessment of defects in pipelines, Cosham et al. (2007) 
expressed the difficulty on characterising corrosion due to its generally irregular depth profile 
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and extent, as well as its irregular pattern in both longitudinal and circumferential directions. 
The study highlighted that corrosion could occur as a single defect or as a cluster of adjacent 
defects separated by uncorroded material (Figure 2.9). Hence, a definition was proposed for 
corrosion where: (i) pitting corrosion was defined as having a length and width less than or 
equal to three times the uncorroded wall thickness and (ii) general corrosion was defined as 
that with dimensions higher than the former. The Pipeline Operators Forum (2009) have 
developed a classification of defects based on their geometrical properties (i.e. pitting, axial 
grooving, circumferential grooving, pinhole, axial slotting and circumferential slotting). Also 
stemming from the offshore pipeline industry, Det Norske Veritas (2010) suggested minimum 
circumferential and longitudinal distances (dependent on diameter and thickness of the pipe) 
between a defect and adjacent defects to treat the first as isolated.  
The Manual for Determining the Remaining Strength of Corroded Pipelines (ASME, 2012) 
defines interacting defects as those spaced longitudinally or circumferentially (see Figure 
2.9b) within a distance of three times the pipe wall thickness and suggests to evaluate 
interacting defects as a single one. 
It is interesting to note that only a few of these studies distinguish between different types of 
defects, as, in most cases, the general term “defect” is used.  
  
(a) (b) 
Figure 2.9 Example of typical corrosion defects (Cosham et al., 2007) and defect 
distances for interaction analysis 
 
Longitudinal distance
Circumferential 
distance
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Another approach proposes to identify pits on corroded steel pipes as those defects whose 
depth is higher than a threshold value.  Kleiner et al  (2013) noted the challenge to identify 
what constitutes a pit when nearby defects grow until they join and become one.  They used 
the thresholding principle to define populations of pits for different corroded pipe surfaces. 
This meant that all the corrosion defects that were below the threshold were not considered 
(see Figure 2.10). They noted that the deeper the threshold, the lower the number of corrosion 
pits in the population. However, they also noted that the number of through holes could 
increase with increasing threshold depth. 
 
Figure 2.10 Thresholding depths of corrosion pits (Kleiner et al., 2013) 
Finally, the measurement of the geometrical properties of corrosion defects is of great use for 
understanding the extent of the corrosion damage. In the case of corroded rebars, authors have 
studied different properties of the pits including their depth, width and shape. The main 
drawback of these studies is once more the lack of a definition for pit, which complicates the 
application of the results to new studies. Cairns et al (2005) visually identified corrosion pits 
and measured the largest along the surface of 200 mm-long rebars. The breadth (opening) of 
the pits (considering pits circular in cross-section) was found to be on average less than twice 
the depth. Apostolopoulos et al (2013) also identified pits visually both from bars embedded 
in concrete and bare bars. The average pit depth, maximum average pit depth and average 
area (areas measured on the rebar surface) were measured for the two bar types and the results 
were used for comparison purposes. Zhang et al (2010) identified pits visually on 18 mm 
diameter rebars over a 250 mm length and measured the cross-sectional shape of pits. Several 
geometrical shapes, such as hyperbola, parabola and ellipse, were fitted to the data and the 
hyperbolic shape was found to best fit the measured pits.  
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Making use of experimental results, the widely used geometrical model by Val & Melchers 
(1997), presented in section 2.4.2.2, which assumes a hemispherical shape for pits, was 
developed. Based on this approximation, a pit can be characterized by its width and depth 
alone, thus facilitating a temporal analysis of pit growth.   
2.3.3 Corrosion uncertainty 
Corrosion is a function of many variables, particularly in real case scenarios, as opposed to a 
controlled laboratory environment. Many of these variables have an uncertain nature, hence 
the use of probabilistic models to describe expected corrosion and its variability is 
appropriate. 
The concept of corrosion probability of a metallic specimen susceptible to corrosion was first 
established by Mears & Evans (1935) as reported by Shibata (1994). One of the first fields 
where it was used was water, oil and gas pipelines. However, as the probabilistic study of the 
corrosion does not focus on the electrochemistry behind the process, those studies on metallic 
pipes were also of use and inspiration to the pitting corrosion in concrete-embedded steel 
rebars. 
As opposed to deterministic models, probabilistic models take into account of the cross-
sectional area variability at a certain point in time. However, these models do not consider 
spatial variability and therefore are still a simplification of the actual process. Time-variant 
probabilistic distribution models of pit depths, maximum pit depths, pitting factor and area 
pitting factor are the most commonly used approaches to address cross-sectional area 
variability. These are reviewed in the following sections.  
2.3.3.1 Pit depth parameters 
Suarez Rodriguez (1986) reported some of the first attempts to model pit depth distribution 
such as Summerson et al., 1957, who analysed  the frequency distribution of the square root 
of pit depths on aluminium and found it followed a normal distribution; Rosenfeld, 1970, who 
found the distribution of pit depths on steel alloy was roughly Gaussian with both the mean 
and standard deviation of the pit depth increasing with exposure time; Flaks, 1973, who found 
the depth distribution of the pits on aluminium alloys under atmospheric conditions was 
lognormal and Crews, 1976, who analysed the pitting corrosion data on buried ferrous 
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materials in various soil environments and found it also followed an extreme value 
distribution. It is observed that most of the studies agree on the use of the Gaussian 
distribution to model pit depth distribution at any given time after corrosion initiates. 
Most authors, considering that measurement of pit depth and frequency were time consuming, 
expensive and of less interest than maximum pit depths, decided to model deepest pits. As 
shown in Figure 2.11, a representative surface of a corroded rebar presents a number of pits 
of different depths, where maximum pits can be regarded as the largest realisation of a certain 
number of observations (or the largest realisation within a certain physical length). For 
illustrative purposes, Figure 2.12 depicts two representative plots of the frequency 
distribution of the pit depths and analytical probability density function of maximum pit 
depths on 75 𝑐𝑚2 aluminium sheets obtained by Jarrah et al. (2011) under ponding-based 
accelerated corrosion . 
 
Figure 2.11 General aspect of a rebar corroded surface 
  
 
Figure 2.12 Experimental frequency distribution of corrosion pit depths and analytical 
PDF of maximum corrosion pit depths (left) and analytical PDF of the maximum pit 
depths (right) corresponding to artificially corroded aluminium sheets (Jarrah et al., 
2011) 
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Corroded surface containing 
different size pits
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Maximum pit depth distribution has been found to depend on the extent of the corroded area. 
Aziz (1956)predicted a logarithmic dependence of maximum pit depth on exposed area. As 
reported by Shibata (1994), Eldredge and Scott suggested that pitting data obtained from 
small area samples could be extrapolated to larger surfaces using extreme value statistics and 
logarithmic functions respectively. Other authors such as Laycock et al. (1990), Shibata 
(1994) or Scarf & Laycock (1996) have also addressed this question. Therefore, it appears 
the maximum pit depth is dependent on the sample area and might be modelled using extreme 
value theory.  
Aziz (1956) first modelled maximum pit depth distribution. He used extreme value statistics 
for pits in aluminium coupons immersed in tap water and modelled the depth distribution of 
metastable pits as having a “J” shape and depth of stable pits as having a “bell” shape.  
Sheikh et al. (1990) stated that pit depth could be modelled using normal, lognormal or 
exponential distributions (depending on exposure time and scatter in pit depth) and maximum 
pit depth could be characterised by extreme value distributions. 
Similar approaches for modelling the maximum pit depth distribution have been proposed by 
Laycock et al. (1990)  and Scarf & Laycock (1996) using generalized extreme value statistics, 
Shibata (1994) using Gumbel or Jarrah et al. (2011) using the generalized lambda distribution. 
Caleyo et al. (2009) found the best fit distributions for maximum pit depths and local soil 
parameters using data from underground pipelines. Maximum pit depth was fitted by a 
Generalized Extreme Value (GEV) distribution. A pit growth model, defined as the time 
derivative of the maximum pit depth, was developed. Time dependence was considered, 
showing that the shape parameters for the GEV varied with respect to time. 
Kleiner et al (2013) statistically modelled pit depth, area and volume on underground ductile 
iron pipes under the influence of surrounding soil. A good fit to pit depth maxima was 
observed with a right truncated Weibull distribution.  
Authors seem to agree on using extreme value theory for the modelling of the probability 
distribution of maximum pit depths. A key assumption for the use of this theory is event 
independence. Scarf & Laycock (1996) stated that electrochemical theory suggests that 
extreme pits are independent events. The growth of a large pit suppresses the growth of its 
smaller neighbours and apparent dependence is likely to result from environmental 
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conditions, common to neighbouring areas. This issue has been questioned by Melchers 
(2006), who found evidence of interaction between extreme pits irrespective of their spacing 
on mild steel exposed to marine immersion conditions. He argued that corrosion pits belong 
to two different populations, metastable and stable pits that could be modelled by an 
exponential and a normal distribution respectively. This is in agreement with Aziz (1956). 
On this basis, he stated that, for some applications, the use of Gumbel distributions for the 
probability of occurrence of extreme depth under an independence hypothesis could be 
justified but for others a bimodal distribution seemed more adequate (Melchers, 2005). 
Moving into the civil engineering field, Darmawan & Stewart (2003) represented the 
distribution of maximum pit depths along 1.5 m lengths of prestressing wires (5 mm diameter) 
and 650 mm wire strands (12.7 mm diameter) using the Gumbel distribution. The model was 
extended for its use on reinforcing concrete rebars (Stewart, 2004) based on data from 6mm 
diameter steel rebars of 125 mm length. Darmawan (2010) fitted Normal, Lognormal, 
Gamma, Gumbel and Weibull distributions to maximum pit depth data from 1.5 m long 
corroded rebars in reinforced concrete. The distribution that best represented the mentioned 
data was Gumbel, which is consistent with the data for aluminium alloys and steel plates and 
pipelines from the aforementioned authors.  The model considers length, corrosion rate and 
time since corrosion initiation. 
A different approach to modelling the maximum pit depth distribution is to develop a 
maximum pit depth growth model. Provan & Suarez Rodriguez (1989) used a stochastic non 
homogeneous Markov process to do so with results showing good agreement when compared 
with the experimental data from Aziz (1956b). Models combining pit initiation and growth 
have also been created (Valor et al., 2007). 
An empirical parameter used to address the cross-sectional variability of corroded elements 
is the pitting factor (𝛼). This was defined earlier in this chapter while describing the models 
for time-dependent cross-sectional area loss (i.e. the relation between maximum corrosion 
depth and average corrosion penetration). Several authors have calculated the pitting factor 
from experimental studies (e.g. Gonzalez et al., 1995; Kim et al., 2009; Tuutti, 1982). Table 
2.4 summarises the values of empirical pitting factors found in the literature. The discrepancy 
of the results comes from the fact that the pitting factor is a variable depending on multiple 
factors such as the rate of corrosion, the bar diameter, the corrosion environment, the duration 
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of the corrosion or the length over which the parameter is measured. However, there is a 
general accord that for bars exposed to natural environment, the pitting factor varies from 4 
to 10 for diameters less than 10mm and lengths less than 300mm (Stewart & Al-Harthy, 
2008). 
Table 2.4 Empirical pitting factor from existing literature 
Author 
Type of 
corrosion 
Corrosion 
rate 
𝒊𝒄𝒐𝒓𝒓 (
𝝁𝑨
𝒄𝒎𝟐
) 
L(mm) 
Bar 
diameter 
(mm) 
Time 
(day) 
Rebar 
type 
Mean 
corrosion 
loss (%) 
𝛼 
factor 
Tuutti (1982)
*
 - - 
150-
300 
5-10 - - - 4-8 
Gonzalez et al. 
(1995) 
Admixed 
chlorides + 
wetting-
drying 
cycles/sea 
water 
immersion 
0.1-7 ~500 8 
6 
years 
- ~0-24 3-9 
Gonzalez et al. 
(1995) 
Admixed 
chlorides + 
imposed 
current 
10-100 ~400 16 30 - ~0-24 6-16 
Rodriguez et al. 
(1997) 
Admixed 
chlorides + 
imposed 
current 
100 2300 6,8,10,12 
100-
200 
- ~10-42 2-4 
Cairns et al. (2005) 
Admixed 
chlorides + 
wetting-
drying cycles 
10-50 n/a 16 
100-
400 
Plain 0-4 10-50 
Stewart et al. (2008) 
Admixed 
chlorides + 
imposed 
current 
160-185 100 16 78 Plain ~10-12 6.2 
Stewart et al. (2008) 
Admixed 
chlorides + 
imposed 
current 
125-150 100 27 78 Plain ~4-6 7.1 
Kim et al. (2009) 
Imposed 
current/ 
Admixed 
chlorides + 
wetting-
drying cycles 
- 104 13 - 
Deformed 
and Plain 
0-25 4-28 
* As reported by (Stewart, 2004) 
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Modelling of the probability distribution of the pitting factor appears as a natural extension 
given the uncertainty associated with this parameter. Stewart (2004) and Stewart & Al-Harthy 
(2008) defined the distribution of 𝛼 for corroded reinforcing bars as a function of rebar 
diameter and length. They observed that pitting factor could reduce with time of exposure 
(i.e. with increasing levels of corrosion) because of the reduction of the anodic to cathodic 
ratio and therefore recommended to take this into account.  
2.3.3.2 Area loss parameters 
Another approach for assessing cross-sectional variability of corroded surfaces consists of 
modelling the relationship between the minimum and the average cross-sectional area along 
the surface of the rebar (a.k.a. the area pitting factor). Zhang et al (2013) investigated the 
probability distribution of the area pitting factor finding that it followed a Gumbel 
distribution. The relationship between area pitting factor and corrosion level was also studied. 
Results showed that the scale and location parameters of the distribution increased linearly 
with an increase in corrosion level. The effects of rebar length and diameter were also 
addressed: the location parameter was found to increase with increasing length but the scale 
parameter remained the same. For bars with the same corrosion level, the standard deviation 
of the pitting factor increased with increasing diameters but the relationship with its mean 
value was not conclusive. 
Kashani et al (2013) investigated the probability distribution of the ratio between the cross-
sectional area at regular intervals along the length of the rebar and the average cross-section 
and found it followed a lognormal distribution. The values of lognormal parameters were 
different in bars with different degrees of corrosion. The analysis showed that when the 
corrosion level was increased, the mean value of the area reduction distribution decreased 
and the standard deviation increased meaning that higher levels of corrosion imply an obvious 
higher reduction of area but also a higher variability.  
Cairns et al. (2005) proposed a measure similar to the area pitting factor defined as the ratio 
between maximum and average cross-sectional area losses. As with the pitting factor, this 
measure is dependent on diameter, length and corrosion level on the rebar. 
Finally, there have been some attempts to model the non-uniformity of pitted corrosion using 
other approaches. These have tried to address specific properties of spatial variability related 
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to buckling of rebars, namely the residual second moment of area coefficient (i.e. the ratio 
between minimum second moment of area at corroded cross-sections and second moment of 
area of the original uncorroded section) and the load eccentricity coefficient (i.e. the ratio 
between the product of the centroid to the original bar diameter of the uncorroded bar) 
(Kashani et al, 2013). According to this study the probability distribution functions of both 
parameters are lognormal. The results showed a very strong correlation between most of the 
lognormal model parameters and the mass loss ratio. When corrosion level increases there is 
an increase in the reduction of area and second moment of area and an increase in the load 
eccentricity.  
2.3.3.3 Spatial variability 
Spatial distributions of corrosion have been scarcely studied in literature mostly because of 
their complexity both in terms of obtaining the data and in their interpretation. The few studies 
that exist have taken different considerations on the type of spatial variability (1D, 2D) and 
have used different techniques for the spatial modelling of corrosion. 
Stewart (2004) seems to be the only author who has considered some kind of one-dimensional 
spatial variability of corrosion in RC rebars. He used a semi-empirical approach to model the 
spatial distribution of pitting corrosion in steel rebars in concrete. Variability along length 
(1D) was considered. The simulated RC rebars in a beam were discretized in a number of 
elements and maximum pit depths were generated for each reinforcing steel bar in the middle 
of each element. The pitting factors, 𝛼, which determine the remaining cross-sectional area 
in the element, were defined as statistically independent and time-invariant between bars and 
between elements. 
Consideration of 2D variability of corrosion in different geometries, i.e. spatial variability on 
a surface, has also received very limited attention. Two of the studies found, i.e. Melchers et 
al. (2010) and Kim et al (2009), used the same methodology:  profiles of corrosion depth 
measurements were mathematically treated as the result of the superposition of sinusoidal 
waves of different amplitudes, frequencies and phases. Fourier Transforms were used to 
analyse the measured profiles. Results of the analysis can be displayed as a power spectrum 
(PSD) which allows the detection of periodicity in the analysed data. These studies, reviewed 
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in more detail below, analysed the influence of corrosion level on the spectral densities of the 
corroded surfaces: 
Melchers et al. (2010) analysed the relationship between corrosion exposure and pit depth 
characteristics in large steel plates exposed to marine immersion (splash, tidal and immersion 
zones). The PSD analysis yielded high surface regularity within each of the different exposure 
conditions considered. Hence, the use of standard deviation and coefficient of variation of the 
corrosion depths rather than considering the complete spectrum was found more relevant to 
characterise corroded surfaces. Interpretation of relationship between standard deviation and 
coefficient of variation and exposure conditions was undertaken. Moreover, results showed 
that essential characteristics of the shape of corroded surfaces were captured by smaller 
representative areas which could be used instead of the whole surface for an analysis of the 
corrosion structure. Thus, a minimum size for these areas was suggested.  
Kim et al (2009) analysed the surface of steel rebars exposed to accelerated corrosion in 
concrete by imposed current and chloride admixtures. Analysis showed that the shape of the 
PSD of the corroded rebars, both the frequency values and the slope of the curve, were related 
to their cross-sectional area losses.  
Although very different from the point of view of the magnitudes being modelled, spatial 
modelling, applying point pattern methods, has also been used for pitting corrosion, to 
characterise pit initiation and growth processes; both metastable and stable pits, as described 
in section 2.3.4, were studied.  
López De La Cruz & Gutiérrez (2008) developed a spatial statistics test of pitting corrosion 
pattern using the Quadrat Count Method, treating corrosion as a random spatial point process 
which was tested on empirical data of stainless steel wire in neutral NaCl solution and 
aluminium alloy in NaCl solution. This classification of spatial point processes is based on 
Diggle (2003), who classified them into three main classes: random, regular and clustered. 
The randomness of corrosion has been tested in a previous article using the inter-event 
distance method (López De La Cruz, Lindelauf, Koene, & Gutierrez, 2007) and an extension 
of the classical complete spatial randomness test to non-stationary Poisson point processes 
(López De La Cruz, Kuniewski, Van Noortwijk, & Gutiérrez, 2008), both tested on empirical 
data  of corroded metals. 
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Other authors modelling corrosion distribution from a similar point of view are: Punckt et al. 
(2004), who analysed the distribution of pits on stainless steel coupons at laboratory 
environment using the nearest-neighbour distances method; Organ et al. (2005), who tested 
the spatial point patterns of corrosion of simulated pit patterns using an L estimator function 
to detect deviations from the complete spatial randomness; Budiansky et al. (2005),who used 
the Ripley method to predict interaction between pitting sites and Jarrah et al (2010), who 
present a method based on two-dimensional spectral analysis to investigate the structure of a 
spatial point pattern. 
2.4 Corrosion measuring techniques 
Characterization of corrosion requires the measurement of corrosion geometry for its 
subsequent analysis. A brief review of methods for the measurement of corrosion geometry 
found in literature and their limitations is presented below. 
Methods can be divided according to their measuring mechanism as manual or automated. 
Manual measurements are the most frequently utilised for the quantification of corrosion 
attack on reinforcing bars. Another important characteristic is the relative distance between 
the measuring device and the measured surface, i.e. contact or non-contact methods. Finally, 
it is important to take into account the type of corrosion measured: metastable and early stages 
of stable pits, which are not detectable by unaided visual inspection, or advanced stable 
defects that can be visually detectable.  
Traditionally, and considering the unavailability of other more advanced measuring tools, 
micrometers and calipers have been used to acquire the dimensions of corrosion defects. 
These are recommended by different standards for the quantification of cross-sectional loss 
(e.g. American Concrete Institute, 2001 ; ASTM International, 2005). In particular, the 
Standard Guide for Examination and Evaluation of Pitting Corrosion (ASTM International, 
2005) recommends the use of a micrometer to estimate the depth of the defects as the distance 
travelled by the needle of the instrument from a non-corroded area at the lip of the defect to 
its base. However, the standard questions the ability of the method for certain geometries of 
pits, as the needle might not be able to measure the full depth of the defect. Moreover, since 
both micrometers and calipers are manual contact methods, the accuracy of the measurement 
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is highly dependent on the skill of the operator. Examples of studies using manual 
measurement methods for determining pit depths on corroded reinforcing bars can be found 
in Darmawan & Stewart (2007) and Du et al (2007).  
For micro-pitting corrosion, where pits are not detectable by the human eye, optical 
microscopy is used in aid of manual measurements (e.g. Elola et al, 1992; Aziz, 1956b). High 
resolution microscopy techniques have also been used for corrosion measurements, e.g. 
atomic force microscopy (Díaz-Benito et al, 2010) .  
Contact profilometer can be considered one of the oldest automated contact measuring 
techniques, as it has been used by material engineers for many decades. This method uses a 
testing apparatus with a sharp tip which moves along the longitudinal and transverse axes of 
the material’s surface. The height amplitude dimension is calculated by the displacement of 
the tip due to the material’s roughness. Each specimen is measured along several test lines 
and the results are averaged.  This method provides measurements in the order of microns 
and is used mainly for micro-corrosion (Chappard et al., 2003). The main disadvantages of 
this method are its slowness, as the probe can only measure in one axis at a time, and the fact 
that the contact with the measured surface can lead to damage of the specimen. 
Optical 3D scanning is one of the most recently developed measuring techniques. It allows 
recreating three-dimensional objects on a computer by triangulating distances between the 
reﬂecting laser beam and the scanned surface. Surface laser scanner can detect not only an 
object’s length and width but also its depth (Kusnoto & Evans, 2002). The main advantage 
of this method, as compared to manual techniques, is the availability of near real time 3D 
coordinates for irregular surfaces with accuracy in the order of mm.  
The development of laser scanners has opened a wide range of possibilities for different 
disciplines where it is already being used, such as medical engineering (Kovacs et al., 2006; 
Kusnoto & Evans, 2002; Shah et al, 2004), industrial engineering (Mahmud et al, 2011; Son 
et al , 2002), architectural heritage (Arayici, 2007) or geotechnical engineering (Abellan et 
al., 2006; Asahina & Taylor, 2011) among others. In spite of its limitation to scan only visible 
surfaces, its advantages such as accuracy and simplicity of use, makes 3D computerized 
imaging very convenient. Therefore, some authors have considered the possibility of using 
laser scanner for the evaluation of corrosion deterioration in RC structures. A few attempts 
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have been found in literature where the technique is used to measure the cross-sectional area 
loss on corroded rebars extracted from artificially corroded specimens (Graeff et al., 2008; 
Kashani et al., 2013; Michiaki et al., 2006; Oyado & Sato, 2008). The studies by Melchers et 
al. (2010) and Kashani et al. (2013) are a first step towards the integration of laser scanner 
into the assessment of corrosion distribution in rebars.  
2.5 Summary and conclusions 
This chapter presents a literature review of the research areas on which the reported study is 
founded. These include a background study of the corrosion process and available models for 
its evaluation and a description of available corrosion measuring techniques. The conclusions 
that can be drawn from this critical review are summarised below: 
 The corrosion of steel reinforcements is one of the main factors of degradation in RC 
structures. The improved understanding of the effects of this phenomenon on material 
properties is essential in improving the accuracy of currently used performance 
functions. 
 The primary mechanisms causing corrosion of RC structures are chloride attack and 
carbonation. They are in turn responsible for the two most commonly found, in terms 
of surface and depth characteristics, corrosion types of reinforcing steel in concrete, 
namely local and uniform corrosion. Chloride-induced corrosion is the governing 
deterioration phenomenon for structures subjected to salt-spray or de-icing salts. The 
main effects of chloride-induced corrosion on RC structures are the loss of cross-
sectional area and the reduction of mechanical properties of the rebars. 
 The definitions of corrosion pits, i.e. the cavities or “holes” produced in localised 
corrosion, are scarce and inconsistent, and hence methodologies that can clarify and 
improve such a definition are very important and need to be studied in the field of 
rebar corrosion. 
 Considerable research has been carried out for the deterministic and probabilistic 
modelling of chloride induced deterioration of reinforcing bars.  Most deterministic 
models are based on the estimation of the reduction of the maximum or average cross-
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sectional area or the increase of the maximum corrosion depth as a function of time; 
probabilistic models take into account the variability of these factors at a certain point 
in time. However, none of the existing models addresses the spatial variability of 
corrosion. 
 Limited attention received by spatial variability of corrosion could be explained by 
the lack of adequate methods to obtain spatial measurements of this phenomenon. 
Traditional manual contact measuring tools have been surpassed by modern non-
contact methods, such as 3D measuring techniques.  
 There is a need to develop methodologies that can effectively integrate data obtained 
through new comprehensive measuring techniques into the assessment of the 
degradation of corroded reinforcing bars. 
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3. Experimental Work 
 
3.1 Introduction 
A key problem in the development of models addressing the spatial structure of corrosion is 
the difficulty in obtaining sufficiently accurate and detailed measurements due to the apparent 
lack of an automated procedure to extract the necessary data from physical samples. The 
development of an automated method would further spearhead physical experimentation, 
leading to statistically significant databases from which modelling parameters could be 
estimated. This chapter propounds a methodology based on the use of 3D computerized 
imaging for the automation of the acquisition of corrosion records.  
For the development of this methodology, a comprehensive sample of corroded rebars was 
needed. Thus, experimental work was carried out to accelerate corrosion on a group of steel 
bars under laboratory conditions. The aim of this experimental work was twofold: (i) to create 
a database of corrosion measurements suitable for subsequent corrosion characterisation, in 
terms of depth distributions and pattern features; and (ii) to procure an acceptable number of 
specimens for the investigation of the correlation between mechanical properties and 
corrosion features. 
The experimental work consisted of several stages. First, groups of corroded rebar specimens 
were created under controlled laboratory conditions in order to generate and collect pertinent 
corrosion data. Subsequently, a process for detailed refined recording of the corrosion 
characteristics was developed. This process automates the acquisition of corrosion depths on 
the surface of the rebar at an appropriate spatial scale. Thus, each corroded bar was 
characterised both globally, in terms of mass loss and at a spatially refined scale, in terms of 
a grid of corrosion depth measurements. Different visualisation of the results and initial 
results from the processing of corrosion data are presented in this chapter. 
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3.2 Laboratory-based corrosion testing 
A number of different methods for accelerated corrosion tests on rebars under laboratory 
conditions have been proposed in the literature. In principle, the use of in-situ corroded rebars 
would have had some advantages but access to a statistically meaningful number of such bars 
corroded under similar conditions for varying lengths of time was not feasible. Moreover, the 
variability of corrosion makes the comparison of samples obtained from different structures, 
with different geometries and subjected to different environments, problematic. For these 
reasons, accelerated corrosion on a population of nominally identical pristine bars under 
laboratory conditions was pursued in this study. However, the tools developed can also be 
applied to naturally corroded rebars, should such a data source become available in the future.  
3.2.1 Choice of accelerated corrosion technique 
Prior to the start of the tests, a literature review was undertaken to optimise the experimental 
methodology and to understand how to better mimic chloride-induced corrosion of rebars.  
Due to the aforementioned twofold aim of the present study, the review considered studies 
where rebars were mechanically tested and/or some kind of geometrical property was 
assessed. It was observed that, independently of the final purpose of each research, there was 
a large variation in the adopted method for accelerating corrosion. Some studies had used 
bare bars (e.g.  Alexopoulos et al, 2007; Allam et al , 1994) while others used bars embedded 
in concrete (e.g. Almusallam, 2001). From the cases where bars were embedded in concrete, 
few came from actual structures subjected to natural corrosion (namely Apostolopoulos & 
Papadakis, 2008; Palsson & Mirza, 2002), while the rest had focused on accelerated corrosion 
procedures. Among the latter, different types of acceleration techniques had been used mainly 
in view of the desired corrosion characteristics, i.e. general or localised attack. Some authors 
used imposed current with chloride admixtures in the concrete mix (e.g. Almusallam, 2001), 
artificial salt-spray, wetting/drying cycles with admixed chlorides (Lee & Cho, 2009) or even 
a combination of impressed current, chlorides and wetting/drying cycles (Cairn et al, 2005) 
leading to localised corrosion attacks on the rebars. Other authors opted for a process leading 
to a generalised corrosion attack by imposing electrical current without chloride admixtures 
(Kim et al, 2009). However, it must be noted that generalised attack is representative of 
advanced chloride-induced corrosion where pits have joined together giving a more uniform 
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aspect to the deteriorated surface (Du et al, 2005). In general, as evidenced from the literature 
review, generalised corrosion is more likely to be caused by carbonation (J Broomfield, 
2007). 
In the case of bare bars, these had either been corroded naturally, by exposing them to a 
natural environment for a certain period of time (Maslehuddin et al., 1990) or by subjecting 
them to salt-spray (Apostolopoulos & Pasialis, 2008). Clearly, this approach is far removed 
from the main cause of deterioration encountered in civil engineering structures. 
3.2.1.1 Admixed chlorides 
Chloride admixtures in the concrete mix have been widely used to simulate corrosion under 
laboratory conditions. This method is appropriate for the determination of the maximum 
amount of chlorides that can be added to concrete but presents some drawbacks if used to 
detect the effect of corrosion on steel or on the interaction between steel and concrete. On one 
hand, the passive layer that is created around the steel takes some time to be formed in non-
contaminated concrete. Therefore, if chlorides are present from the mixing phase, the 
passivity potential of steel is severely compromised. On the other hand, concrete itself shows 
also a deviation from real in-structure behaviour, namely: acceleration of cement hydration 
which increases the porosity of the concrete ; an increase in the conductivity of the pore 
solution; changes in the pH of the pore solution and changes in the amount of chemically 
bound chlorides (Poursaee & Hansson, 2009). Chloride admixtures can be used on their own 
(Gonzalez et al, 1995; Liu, 1996) or combined with impressed voltage/current method 
(Darmawan, 2010; Rodriguez et al., 1997).  
3.2.1.2 Impressed voltage/current 
The imposed voltage method, or imposed current method, consists on inducing corrosion by 
applying an electrochemical potential between the reinforcing steel (which acts as an anode, 
being connected to the positive terminal of a power supply) and a cathode (generally copper 
or steel plates or meshes wrapping the concrete, connected to the negative terminal of the 
power source) with the RC specimen submerged in a salt solution that acts as an electrolyte. 
The potential applied (or the time of application) are varied to obtain the desired degree of 
corrosion (El Maaddawy & Soudki, 2003). It can be used on its own for the simulation of 
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generalised corrosion or combined with the admixture of chlorides to the concrete mix when 
the objective is to reproduce localised corrosion.  
The advantage of this method is that, once passivity has been broken, the amount of mass loss 
can be theoretically related to the electrical energy consumed using Faraday’s law: 
𝑀𝑡ℎ  =  
𝑀 ∙ 𝐼𝑐𝑜𝑟𝑟 ∙ 𝑡
𝑧 ∙ 𝐹
 
(16) 
where M is the molar mass (55.847 g/mol Fe), 𝐼𝑐𝑜𝑟𝑟 is the current (A), t is the time (s), z is the 
number of electrons transferred and F is Faraday’s constant (96,487 Coulombs/mole). 
Although it is an effective and fast method, there are several drawbacks. The electrochemistry 
behind the mechanism is different from natural corrosion (Austin et al., 2004). The main 
consequence from this is the different distribution of corrosion on the surface of the rebar: in 
the impressed current case the corrosion will be distributed around the entire circumference, 
whereas corrosion occurring naturally will mainly be located on the side facing the concrete 
cover (Yuan et al., 2008). 
Moreover, a number of studies from literature show discordance between the theoretical and 
the actual mass loss, as obtained by gravimetric mass loss, i.e. difference between the mass 
of the rebars before and after corrosion tests (Graeff et al. , 2008; Austin et al., 2004).   
According to Auyeung at al. (2000) the reasons for the discrepancy between theoretical and 
actual corrosion mass loss are: (i) the assumption that corrosion starts as soon as the electrical 
current is applied, which does not take into account the resistivity of concrete, (ii) the presence 
of microcracks in the concrete, (iii) the composition of the bar, (iv) the electrical properties 
of minerals in concrete, (v) the deposits in salt solutions and (vi) the influence of the interface 
between the cathode and the concrete.  
Austin et al. (2004) stated that a more reliable estimate of corrosion level requires a 
modification to the parameters used in Faraday’s law. Firstly, oxygen evolution (oxygen tends 
to reduce with time due to, not only its consumption in the corrosion process, but also to 
temperature fluctuations or evaporation) has to be taken into account when applying 
Faraday’s law to improve the correlation between theoretical and gravimetrical mass loss.  
Secondly, the time variable should be adjusted to account for the duration of the depassivation 
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stage (𝑡𝑐) which, as stated above, does not start as soon as the electrical current is applied. 
Another consideration is that the value of current used must be proportional to the area of the 
steel on the bar that has been depassivated (𝑎𝑐) and not to the whole area (𝐴𝑒). This is because 
the area of steel depassivated and corroding cannot be fully controlled due to the existence of 
preferential paths of chlorides between the aggregate and the cement paste and the existence 
of preferential areas along the bar surface due to geometrical heterogeneities. Thus, Austin’s 
modified version of Faraday’s law is: 
𝑀𝑎𝑠𝑠𝑙𝑜𝑠𝑠 =  
𝑀 ∙ 𝐼𝑐𝑜𝑟𝑟 ∙ 𝑡𝑐 ∙ 𝑎𝑐
𝐴𝑒 ∙ 𝑧 ∙ 𝐹
 
(17) 
In order to use this method effectively in executing accelerated tests, an appropriate corrosion 
current should be used. The influence of varying the impressed current density level on 
corrosion (specifically on strains, crack width and mass loss) was investigated by Maaddawy 
& Soudki (2003). The results from this study showed that current densities in the range of 
100 to 500 µA/cm2generated corrosion levels in good agreement with Faraday’s Law. 
However, those higher than 200 µA/cm2produced significant strain and crack width 
increases. These results are in agreement with those by Mangat & Elgarf (1999) who 
concluded that using low current density levels seems to lead to more realistic results. This is 
because the gradual dissipation of corrosion products within the concrete pores and micro-
cracks can be achieved better at lower corrosion rates.  Moreover, fast corrosion can lead to 
insufficient oxidation and different chemical composition of the corrosion products (Y. Yuan 
et al., 2008).  Maaddawy & Soudki (2003) also advised not to apply different current densities 
for the same time period to induce different levels of corrosion due to the different results 
produced by different current density levels (i.e. comparable results will only be achieved 
when corroding all specimens using the same current  for different time durations).  
The impressed current technique has been used in a number of studies to analyse the effect 
of corrosion on geometrical and mechanical properties of rebars (e.g. Almusallam, 2001) or 
behaviour of RC members (e.g. Darmawan & Stewart, 2007; Oyado & Sato, 2008) among 
others. Moreover, its suitability to reproduce corrosion has been analysed by El Maaddawy 
& Soudki (2003), Poursaee & Hansson (2009) and Yuan et al. (2008). 
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3.2.1.3 Wet and drying cycles 
Three main approaches can be highlighted here: ponding, spraying and artificial climate 
environment. In all, the objective is to simulate naturally occurring corrosion, though they 
generally require longer than other methods to produce similar corrosion losses. Possibly as 
a result, it is the least used in previous laboratory based studies. 
Ponding 
Depassivation of the rebar is achieved by ponding a chloride solution on the surface of the 
specimens using the wet/dry method. It has been used for the evaluation of corrosion 
resistance of cements (Saraswathy & Song, 2007) or the detection of reinforcement corrosion 
(Ing, 2003), and can be combined with other methods, such as impressed current or admixture 
of chlorides. The main disadvantage of using this method is that, during the immersion phase, 
the corrosion products can dissolve, as opposed to what happens with naturally occurring 
corrosion (Landolt, 2007).  
Salt spray 
Salt spray is achieved through pulverised chloride-water solution on the surface of the 
specimen for a certain duration (normally minutes). Afterwards, the specimen is left to dry 
for certain time (normally hours), and the process is then repeated until the required level of 
loss is attained. A standardised test method based on this principle is available and used by 
some authors (British Standard EN ISO 9227, 2006). Experimental studies have shown that 
the high corrosivity of the artificial fog adequately simulates marine environments (Castro et 
al., 1997; Papadopoulos et al., 2007). This method presents an important drawback, namely 
that it does not offer a realistic model for more general atmospheric corrosion conditions 
(Landolt, 2007). It has been used to evaluate the effect of salt spray corrosion exposure on 
the mechanical performance of rebars (Papadopoulos et al., 2007), to study corrosion 
protection materials (Kobayashi et al., 2010), to detect the bending performance of concrete 
elements affected by this type of corrosion (Oyado & Sato, 2008) and to model concrete cover 
cracking (Zhang et al., 2010) among others. 
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Artificial climate environment 
In this method the corrosion process is accelerated by means of storing the specimens in a 
chamber where an artificial environment with high temperature, high humidity is created and 
repeated wetting-and-drying cycles are produced. The electrochemical process behind this 
method is equivalent to that found in naturally occurring corrosion. Hence, the distribution of 
corrosion obtained using this technique is very similar to that in real structures (Y. Yuan & 
Ji, 2009). However, the main disadvantage of this method is the need for a purpose built 
chamber, with the cost implications this represents (Landolt, 2007). 
3.2.1.4 Selected method 
From the above it can be concluded that all the methods present advantages and limitations. 
This research aims to characterise the change in geometry, and subsequent effect on 
mechanical properties, of rebars affected by localised corrosion, and thus, the ability to 
simulate reasonably well natural corrosion should be a main deciding factor for the selection 
of an appropriate method. Corrosion patterns observed using acccelerated corrosion 
significantly differ from those in natural conditions. Although, in this context, the use of 
artificial climate environment methods would have presented some benefits, time constraints 
and lack of equipment led to a more pragmatic choice. Considering the consensus that seems 
to have formed over the years in creating specimens for characterisation of mechanical 
performance of corroded rebars through the combined use of admixed chlorides and imposed 
current to accelerate the corrosion process under laboratory conditions, this was the approach 
selected in the present research as well. In spite of its drawbacks, this method also presents 
several advantages, such as significantly reducing the time to achieve a certain corrosion level 
and the ability to control the extent and severity of the corrosion attack. Moreover, in this way 
it is possible to compare results with a number of previous studies and to assess potential 
improvements.   
3.2.2 Geometry of the reinforced concrete specimens 
In order to design the experimental set-up, a study of previous experiments using accelerated 
corrosion was undertaken. Table 3.1 provides a summary of key parameters from a selection 
of these studies, showing that a number of different geometries has been used. These mainly 
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depend on the focus of the study: while actual structural elements are chosen for the study of 
structural behaviour, simpler geometries are commonly used for the study of the mechanical 
or geometrical properties of corroded reinforcement. The latter, i.e. cylindrical or prismatic, 
enable a single rebar to be embedded in each specimen and, hence, to obtain sets of bars 
corroded under nominally identical laboratory conditions.  
Table 3.1 Summary of representative studies using imposed-current corrosion tests 
Authors 
Type  
of 
speci
men 
Corrosion 
current 
(µA/cm2) 
Cathode type Electrolyte Focus of the study 
Tachibana et al.
1
 Beam 500 
External copper 
plate 
3.3%  NaCl 
solution 
Beam mechanical 
behaviour 
Almusallam et al.
1
 Slab 3000 
External stainless 
steel plates 
5% NaCl solution 
Slab mechanical 
behaviour 
Uomoto et al.
1
 Beam 200 - 630 
External copper 
plate 
5% NaCl solution 
Beam mechanical 
behaviour 
Lee et al.
1
 Beam 2000 
External copper 
plate 
3%  NaCl 
solution 
Beam mechanical 
behaviour 
Al-Sulaimani et al. 
1
 Beam 2000 
External stainless 
steel plates 
Salted solution 
Beam mechanical 
behaviour 
Phillips
1
 Slab 600 
External steel 
mesh 
3%  NaCl 
solution 
Slab mechanical 
behaviour 
Du et al
2
 Beam 250 - 900 
External stainless 
steel plates 
NaCl solution 
Beam mechanical 
behaviour 
Mangat and Elgarf
3
 Beam 2000 External steel tray 
3.5% NaCl 
solution 
Beam mechanical 
behaviour 
Rodriguez et al.
4
 Beam 100 Stainless steel 3% CaCl solution 
Beam mechanical 
behaviour 
Kashani et al.
5
 Beam 1100 
External stainless 
steel plates 
NaCl solution 
Rebar geometrical 
properties  
Almusallam
6
 Prism 2000 
External stainless 
steel plates 
5% NaCl solution 
Rebar mechanical 
properties 
Du et al.
7
 
Cylin
der 
500-2000 
External stainless 
steel plates 
NaCl solution 
Rebar mechanical 
properties 
Cairns et al.
8
 Beam 10-50 
External stainless 
steel sections 
Salt spray before 
and after current 
Rebar mechanical 
and geometrical 
Slab properties 
Lee et al.
9
 Prism NA 
External copper 
plate 
3%  NaCl 
solution 
Rebar mechanical 
properties 
Stewart and Al-Harthy
10 Slab 125-185 
External stainless 
steel plates 
5% NaCl solution 
Rebar geometrical 
properties 
 
1 (T. A. El Maaddawy & Soudki, 2003) ; 2 (Du et al., 2007); 3 (Mangat & Elgarf, 1999); 4 (Rodriguez et al., 1997); 5 
(Kashani, et al., 2013); 6  (Almusallam, 2001); 7 (Du et al., 2005); 8 (Cairns et al., 2005); 9 (Lee et al., 2009) 
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It was also important to consider the positioning of the rebars relative to the possible chloride 
ingress direction. Depending on whether the bar’s circumference is partially or wholly 
affected, the spatial distribution of corrosion is different. Previous studies have used bars 
found in slabs where chlorides penetrated from one side, i.e. the slab’s soffit (e.g. Zhang et 
al, 2012), bars coming from different parts of actual structures with the subsequent difference 
of exposure scenarios (e.g. Palsson & Mirza, 2002), as well as bars embedded vertically in 
concrete cylinders, where the chlorides are allowed an axisymmetric ingress (Du et al, 2005). 
Prior to finalising the geometrical set up, preliminary accelerated corrosion tests were carried 
out on two alternative geometries. They contained one and four rebars respectively (see 
Figure 3.1). The geometry containing several bars interacting with each other, possibly 
constitutes a better representation of reinforcement meshes in real life structures. However, 
in order to maintain comparability with previous studies, where the one bar configuration has 
frequently been used, the second option would be more suitable.  Both test configurations 
were inserted in 300 mm long and 150 mm diameter reinforced concrete cylinders.  
 
 
 
Figure 3.1 Two possible specimen configurations (dimensions in mm) 
 
From visual observation of the bars after accelerated corrosion testing was carried out, it was 
observed that the main difference between the two specimen configurations was the spatial 
corrosion distribution (comprising general and pitting corrosion). Specifically, for the same 
period of exposure and the same level of imposed current, the one bar specimen, exhibited 
40 40 16 16 38 67 67 16 
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corrosion which was distributed relatively evenly around the whole bar, whereas for the four 
bar specimen, most of the corrosion was located on the side of the bar facing the concrete 
surface and only limited corrosion was visible on the side of the bar facing internally (i.e. 
towards the other bars). To analyse results from such a test configuration, it would appear 
that the relative position and orientation of bars would also need to be taken into account. 
This added level of complexity was not considered appropriate for the purposes of the present 
study and, hence, a cylindrical concrete specimen with a single embedded bar was finally 
selected. 
Thus, a solution consisting on single bars embedded in cylindrical concrete samples was used 
in this study. The relevant parameters for such a case, e.g. the type of rebar, the concrete mix 
and the experimental set-up, are discussed in the following sections. 
As decribed in section 3.2.2.1, factors such as concrete resistivity, oxygen evolution or 
presence of microcraks, amongst others, are responsible for differences between theoretically 
calculated time using Faraday´s law and actual time to achieve a targeted level of corrosion. 
Hence, these preliminary experiments also served as a tool to calibrate the time duration of 
the final tests (presented in section 3.5) by comparing the theoretical to the actual loss of steel 
from gravimetric tests. For the corrosion levels studied here, namely up to 10% mass loss, the 
relationship between the two appeared to be linear and the ratio between actual and theoretical 
mass losses was found to have a value of approximately 1.3.  
3.2.2.1 Type of rebar 
Ribbed bars are commonly used in reinforced concrete for structural purposes as they provide 
a better bond between concrete and reinforcement when compared to plain bars. However, 
for the purposes of this research, whose primary objective is to characterise the corrosion 
structure and quantify its influence on mechanical properties, the spatially varying geometry 
associated with ribbed bars can introduce additional levels of complexity. Moreover, post-
processing of corroded ribbed bars for determining area loss and for identifying corrosion 
patterns would also be more challenging. Therefore, plain steel bars were chosen as an 
appropriate starting point for this strand of research. 
The size of rebar chosen was 16mm in diameter, being representative of rebars used in real 
structures, such as pre-cast masonry for use in highway and bridge construction, as well as 
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for light commercial and residential constructions. Previous studies had used bar diameters 
ranging from 6.5 to 32mm diameters. It is important to note that the mass loss for the same 
exposure period is higher for bars with smaller diameter (Maslehuddin et al., 1990). In this 
respect, the results of the present study pertain to the size used. 
The rebars were made from structural steel grade S275JR. The nominal chemical and 
mechanical properties of the rebars according to the EN 10025 – 1:2004 (European 
Committee For Standardization, 2004) are shown in Table 3.2. Before testing, the bars were 
weighed so that corrosion weight loss could be measured and a gravimetrical quantification 
of the degree of corrosion could be undertaken. 
Table 3.2 Chemical composition (% maximum) and nominal mechanical properties of 
steel rebars 
C% Mn% P% S% N% Cu% 
0.24 1.6 0.045 0.045 0.014 0.6 
Nominal mechanical properties  
Minimum yield strength 
(MPa) 
Tensile strength 
(MPa) 
Minimum elongation to 
fracture (%) 
275 410 to 560 23 
 
3.3 Casting of Corrosion Specimens 
The concrete mix was chosen as representative of those used in structural applications. 
Portland cement (PC) conforming with BS EN197 (BSI Standards Publication, 2011) with 
locally available aggregates was used. The mix design is given in Table 3.3. In order to 
depassify the rebar and reproduce pitting corrosion, chlorides were added and stirred into the 
mix to achieve, as far as possible, homogeneous distribution. The amount of chlorides added 
was 5% per weight of concrete, this being representative of concentration levels found in 
deteriorated structures ( Darmawan, 2010; El Maaddawy & Soudki, 2003).  
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Table 3.3 Concrete mix 
 
The edges of each bar were concealed using internally glued heat shrink sleeves, thus 
exposing only the middle 190mm length of the bar to corrosion. The plastic sleeves, which 
shrink and adhere to the bar when heated, prevent corrosion from the top and base of the 
cylinder and ensure that chlorides penetrate only through the sides of the cylinder. 
After the bars were weighed and their edges sealed, they were placed inside cast iron 
cylindrical moulds where the concrete was poured. Concrete specimens were cast in eleven 
batches, aka mixing operations, with three to six RC specimens being produced from each 
batch. In order to consolidate the freshly poured concrete and release the trapped air and 
excess of water, the moulds were vibrated on a vibrating table. This had to be done very 
carefully to avoid any movement of the bars. A purpose-built device was used to keep the 
rebars in place and avoid tilting during the vibration and hardening of the concrete (See Figure 
3.2a and b). Twenty four hours after casting, the samples were demoulded, submerged in 
water and stored in a moisture-temperature controlled chamber for 28 days in order to develop 
their nominal strength.  
At the completion of the curing period, the contact area between steel rebars and concrete 
was sealed with silicone adhesive and the two bases of the cylindrical RC specimens were 
sealed by brushing them with a bituminous waterproofing paint to secure that, during the 
Concrete Design Mix 
Cement* 4  
Water* 2.035  
20mm aggregate* 7.70  
10mm aggregate* 3.80  
Sand
*
 9 
Salt (5% cement weight)
*
 0.2  
Mix properties Free w/c : 0.5 
* Units (Kg per batch) 
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subsequent accelerated corrosion process, penetration of chlorides was only amenable 
through the sides of the cylinder (See Figure3.2c).  
 
  
(a) (b) 
 
(c) 
Figure 3.2 (a) Detail of cylindrical mould with spacer, (b) vibration of the RC specimen 
and (c) conditioned RC 
3.4 Experimental set-up 
The principles of corrosion have been discussed in chapter 2. Under naturally occurring 
conditions, corrosion of rebars is produced by a reduction-oxidation reaction, whereby 
electrons from the anode are transferred to the cathode. Both anodes and cathodes appear 
along the length of a corroding bar. However, as described in section 3.2.2.1, in corrosion 
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tests accelerated by imposed current, this process is somewhat different. The test apparatus 
consists of a power supply, a working electrode, a counter electrode and an electrolyte. The 
reinforcing steel (connected to the positive terminal of the power source) acts as an anode 
while usually a salt solution, in which the samples are submerged, acts as an electrolyte. As 
for the cathode, which is connected to the negative pole of the power supply, previous studies 
have used different solutions including meshes and plates. Table 3.1 in section 3.2.3 showed 
that a wide range of different cathode types and electrolytes had been used in previous studies. 
The most common cathode types appear to be external copper or stainless steel plates 
(occasionally other solutions such as copper meshes are used) while there seems to be an 
agreement on using a 3 to 5% NaCl solution as electrolyte. In this study, a copper mesh 
solution was chosen for convenience while a 5% NaCl solution was selected as electrolyte.  
The experimental set-up is shown in Figure 3.3. 
 
Figure 3.3 Schematic set-up of corrosion test 
 
Before switching on the power supply the specimens were left submerged in water for 24 
hours until the concrete pores became saturated. When more than one sample was connected 
to one power supply, a series connection between specimens was used. By assuming no loss 
of current and equal resistivity for all connected specimens, theoretically each specimen 
receives the same current and, therefore, the time to any given degree of corrosion is the same. 
In this respect, Faraday’s Law was used in a predictive capacity to estimate the required time 
interval needed to achieve a certain percentage of corrosion for a fixed corrosion rate. A 
corrosion rate of 600 µA/cm2was chosen based on the values from previous studies from 
Table 3.1.  
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From Eq. (16), the equation for the calculation of the theoretical mass of rust per unit of 
surface area  Mth for the more specific case of corrosion on steel can be derived:  
𝑀𝑡ℎ =  
𝑊 ∙ 𝐼𝑎𝑝𝑝 ∙ 𝑡
𝐹
 
(18) 
where  𝐼𝑎𝑝𝑝 is the applied current density (𝐴 ⁄ 𝑐𝑚
2),𝑡 is the duration (𝑠𝑒𝑐), F is Faraday’s 
constant(96487 𝐴 ∙ 𝑠𝑒𝑐)and W is the equivalent weight of steel (27.925 𝑔) defined as the 
coefficient between the molar mass M  and the number of electrons transferred z: 
𝑊 =
𝑀
𝑧
=  
55.847 𝑔/𝑚𝑜𝑙 𝑖𝑟𝑜𝑛
2 (𝐹𝑒 →𝐹𝑒+++2𝑒−)
= 
27.925 𝑔
𝑔𝐸𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑡𝑊𝑒𝑖𝑔ℎ𝑡 (𝐹𝑒)
 (19) 
If, for example, the required duration to achieve a 10% mass loss at the selected corrosion 
rate of 600µA/cm2  for a 16 mm diameter rebar over a 190 mm length is to be calculated, the 
calculation steps are as follows: 
Surface area: 𝜋𝐷𝐿  (20) 
Cross-sectional area: 𝜋
𝐷2
4
 
(21) 
Taking a density of steel  equal to 𝝆𝒔𝒕𝒆𝒆𝒍 ≅ 𝟕𝟖𝟓𝟎 𝒌𝒈 𝒎
𝟑⁄ , the mass loss per unit area 
would be: 
𝑀𝑡ℎ =
𝜋 ∙  
𝐷2
4
 ∙  𝐿 ∙  𝝆𝒔𝒕𝒆𝒆𝒍  ∙
10
100
𝜋 ∙  𝐷 ∙  𝐿
=
𝐷
4
∙ 𝝆𝒔𝒕𝒆𝒆𝒍 ∙
10
100
= 0. 314
𝑔
𝑐𝑚2
 
(22) 
And the required time is: 
𝑡 =
𝑀𝑡ℎ ∙ 𝐹
𝑊 ∙ 𝐼𝑎𝑝𝑝
=
0. 314 
𝑔
𝑐𝑚2
∙ 96487 𝐴 ∙ 𝑠𝑒𝑐
27.925𝑔 ∙ 600 ∙ 10−6
𝐴
𝑐𝑚2
= 1.808 ∙ 106𝑠 ≅ 20.93 𝑑𝑎𝑦𝑠 (23) 
Finally, applying the calibration factor obtained from preliminary tests, namely 1.3, the 
required time is estimated to be approximately 21 days.  
Six different corrosion levels were targeted, namely 2.5%, 5%, 10%, 12.5%, 15% and 20%, 
which required an experimental duration of 6.5, 13, 27, 33, 40 and 53 days respectively. 
Experimental work 
   
                                                                                                                                                             81 
  
However, the effective current at every rebar was not monitored or adjusted during the 
duration of the tests as the objective was to achieve a comprehensive distribution of corrosion 
levels up to approximately 20% mass loss, and, therefore, reasonable differences between 
targeted and actual percentage of mass loss would not be a cause for concern. 
The predicted time to achieve a certain level of corrosion varies with changes in resistivity, 
oxygen concentration and temperature (Shamsad Ahmad, 2009). In order to counteract the 
loss of oxygen due to temperature increase in the water external oxygen pumps were used 
during the experiments (See Figure 3.4). The evaporation of water during the tests was 
compensated by regularly adding water to maintain a constant level. As an additional 
precaution, the level of water was kept 1cm below the concrete level to avoid water 
penetration from the top, even though the waterproof paint and silicone adhesive should not 
allow this to happen.  
               
(a) (b) 
Figure 3.4 (a) Actual set-up for corrosion tests and (b) detail of oxygen pumps 
3.5 Test results 
A total of 60 bars were subjected to accelerated corrosion experiments. Each of the rebars 
was designated by two numbers: the first indicates the casting batch and the second indicates 
the number in that batch. For example the bar “2.5” is the fifth bar of the second batch.  
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After completing the accelerated corrosion tests, the cylinder specimens were broken up and 
the rebars were extracted, cleaned and weighted following the Standard Practice for 
Preparing, Cleaning and Evaluating Corrosion Test Specimens (ASTM, 2003) and the actual 
mass loss was determined by means of gravimetric method, i.e. the difference between the 
pre and post corrosion weights.  
The results from the accelerated corrosion tests are summarised in Table 3.4. It can be 
observed that, despite the efforts to minimize the difference between predicted and actual 
mass loss using a precalibration of the duration of the corrosion experiments, there was an 
overestimation by the theoretical prediction for 70% of the rebars. By contrast, the mass loss 
in the remaining 30% was underestimated. No remarkable differences were observed between 
results from rebars belonging to different batches. It can be seen that most of the under-
estimation occurred at low targeted corrosion levels, i.e. below 2.5% mass loss, and most of 
the over-estimation at higher targeted corrosion, i.e. above 10% mass loss, while for values 
around 5% mass loss the theoretical prediction was comparatively more accurate. These 
results show an agreement with those presented by Badawi & Soudki (2005) and Maaddawy 
et al. (2006). According to these studies, Faraday’s Law under-estimates actual mass loss for 
low degrees of corrosion, below 5%, and over-estimates mass loss for higher degrees of 
corrosion, above 10%. Mass loss overestimation has been attributed, among others, to 
corrosion products building up around the reinforcing bar surface and forming a physical 
barrier to water and oxygen ingress, thus preventing them from reaching the rebar level 
(Badawi & Soudki, 2005). Underestimation of mass loss can be caused, according to 
literature, by the acidification developed by the progressive corrosion (which produces 
additional corrosion) or by the presence of metal inclusions that do not dissolve during the 
process but fall from the surface when surrounding material has oxidised (Alonso et al, 1998). 
However, these studies appear to neglect the fact that, the main problem on estimating mass 
loss using Faraday´s law is not the law in itself but the the difference between the imposed 
current density and the actual corrosion current density.  
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Table 3.4 Corrosion degree from gravimetric loss 
Sample 
# 
Period of exposure 
(days) 
Targeted mass loss 
(%) 
Actual mass loss 
(%) 
Δ mass loss 
(%) 
1.13 27 10 10.7 +0.7 
1.14 27 10 11 +1 
1.15 27 10 9.7 -0.3 
2.1 33 12.5 9.4 -3.1 
2.2 33 12.5 6.8 -5.7 
2.3 33 12.5 7.3 -5.2 
2.4 33 12.5 9.9 -2.6 
2.5 33 12.5 9.5 -3 
2.6 33 12.5 9.7 -2.8 
3.1 33 12.5 7.8 -4.7 
3.2 33 12.5 6.8 -5.7 
3.3 33 12.5 8.1 -4.4 
3.4 33 12.5 7.1 -5.4 
3.5 33 12.5 11.8 -0.7 
3.6 33 12.5 8.1 -4.4 
4.1 40 15 11.6 -3.4 
4.2 40 15 10.7 -4.3 
4.3 40 15 15.3 +0.3 
4.4 40 15 9.5 -5.5 
4.5 40 15 8.8 -6.2 
4.6 40 15 8.3 -6.7 
5.1 40 15 7.6 -7.4 
5.2 40 15 8.3 -6.7 
5.3 40 15 4.8 -10.2 
5.4 40 15 10.7 -4.3 
5.5 40 15 7.4 -7.6 
5.6 40 15 9.5 -5.5 
6.1 6.5 2.5 5.2 +2.7 
6.2 6.5 2.5 4.9 +2.4 
6.3 6.5 2.5 4.8 +2.3 
6.4 6.5 2.5 5 +2.5 
6.5 6.5 2.5 4.7 +2.2 
6.6 6.5 2.5 4.4 +1.9 
7.1 27 10 4.3 -5.7 
7.2 27 10 6.8 -3.2 
7.3 27 10 11.2 +1.2 
7.4 27 10 6.1 -3.9 
7.5 27 10 7.1 -2.9 
7.6 27 10 8.6 -1.4 
8.1 27 10 2.3 -7.7 
8.2 27 10 5.2 -4.8 
8.3 27 10 8.2 -1.8 
8.4 27 10 4.7 -5.3 
8.5 27 10 3.5 -6.5 
8.6 27 10 4.7 -5.3 
9.1 53 20 17.6 -2.4 
9.2 53 20 15.7 -4.3 
9.3 53 20 23.6 +3.6 
9.4 53 20 19 -1 
9.5 53 20 23 +3 
10.1 13 5 4.7 -0.3 
10.2 13 5 4.7 -0.3 
10.3 13 5 4.2 -0.8 
10.4 13 5 4.8 -0.2 
10.5 13 5 5.2 +0.2 
11.1 6.5 2.5 3.8 +1.3 
11.2 6.5 2.5 5.4 +3.1 
11.3 6.5 2.5 4 +1.5 
11.4 6.5 2.5 4 +1.5 
11.5 6.5 2.5 5.8 +3.3 
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In order to assess the quality of the experiment to achieve a targeted mass loss, the results 
were compared with those from previous studies, i.e. Alonso et al. (1998) and Malumbela et 
al. (2012).  
Figure 3.5 shows the graphical comparison of these results, which show that the mass loss 
deviations found in this study appear to be in the line of those normally found on this type of 
experiments.  
The main difference with previous results is that, although previous studies found that the 
relationship between predicted and actual mass loss was linear, the data in this study showed 
that it was best modelled by an exponential equation:  
𝐴𝑐𝑡𝑢𝑎𝑙𝑚𝑎𝑠𝑠𝑙𝑜𝑠𝑠(%) = 2.68 ∙ 𝑒0.1∙𝑇𝑎𝑟𝑔𝑒𝑡𝑒𝑑𝑚𝑎𝑠𝑠𝑙𝑜𝑠𝑠(%)  
(24) 
 
Figure 3.6 shows the equations and coefficients of determination for both the linear and the 
exponential fit. The exponential relationship seems reasonable given that corrosion products 
will build up on the surface of the rebar with time and after a certain threshold they will 
progressively slow the corrosion forming process.  
 
Figure 3.5 Comparison with relationship between targeted and obtained corrosion 
degree from previous studies 
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Figure 3.6 Relationship between targeted and obtained corrosion degree (a) exponential 
fit and (b) linear fit 
 
The detailed measurement of the corrosion depths along the surface of the rebars is the most 
important and laborious stage of the test program. Previous corrosion depth representations 
are rather fragmented, consisting only of average reductions of nominal rebar dimensions or 
rather approximate measurements of maximum pit depths taken with the aid of manual 
measuring tools (calipers, micrometers) or measuring techniques, such as water displacement 
(e.g. Cairns et al., 2005; Palsson & Mirza, 2002). The available data is insufficient for 
analysing and understanding corrosion distribution and patterns. This has motivated the 
development of an automated process for acquiring corrosion measurements. 
3.5.1.1 Scanning of the rebars 
The corrosion measurement technique developed in this research was based on 3D laser 
scanning. The device used was a Next Engine 3D Scanner HD (Next Engine, 2000a). This 
scanner is based on the principle of triangulation. Distances between the scanner and the 
object are calculated from the reflection of a laser beam emitted towards the object and 
received back once it has hit the scanned surface. Even though this type of scanner has a high 
accuracy, the output highly depends on the distance from the object and the speed at which 
the measurement is undertaken; therefore, it is important to determine these parameters before 
an extensive set of measurements is made. The scanner used allows different scanning modes 
to be specified, depending on the distance to the object with varying accuracies. For the 
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objective of this study, a mode was chosen that balanced scanning time and high accuracy 
level. This mode provided nominal accuracy of 0.015” (approx. 0.03 mm).  
Due to the reflecting nature of the metal, the surface of the steel bars was prepared by applying 
a light brushing of talcum powder prior to scanning. Some alignment marks were made to the 
samples to facilitate post-processing (SeeFigure 3.7). Each of the bars was adjusted vertically 
to an auto-turning-gripper which allowed automatic rotation of the samples, thus minimising 
undesirable misalignments during the scanning process. Each 360º perspective of a bar took 
approximately 30 minutes to scan and contained eight views. Subsequently, the scanned 
views, captured as point clouds in a Cartesian co-ordinate system, were post-processed using 
the Scan Studio HD Software (Next Engine, 2000a). This software allows for the data from 
the various views to be merged into a single database, as well as adding missing data and 
eliminating redundant data. The post processing software also catered for alignment 
corrections between the scanner´s axis and the bar’s axis. Finally, the assembled scans were 
imported to Rapid Works software (Next Engine, 2000b) to further improve possible defects 
of the scan (e.g. to fill holes). This software allows creating parametric CAD models from the 
3D scans for their use in future analysis.  
 
  
(a)  (b)  (c) 
Figure 3.7 Surface preparation and scanner (a) surface coating, (b) alignment marks 
and (c) 3D laser scanning 
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The results were then imported to QA-Scan software (see Figure 3.8). This software allows 
to align scanned and CAD data to compare and measure the deviation between them. 
Corroded bars were also inspected visually and compared with the actual bars. 
 
  
(a) (b) 
  
(c) (d) 
Figure 3.8 (a) Point cloud detail on a bar, (b) triangulation of the points from the point 
cloud, (c) 3D scan of the full bar (Scan Studio HD) and (d) corrosion depth measurement 
(QA-Scan) 
 
Four of the bars, namely 5.1, 5.3, 6.1 and 8.1, were discarded after their scanning as they were 
found to be appreciably crooked from the scanning results (which was barely detectable by 
simple visual observation of the rebars) and which would invalidate them from the ensuing 
analysis. Hence, 56 rebars were left for subsequent analysis.  
3.5.1.2 Grid size selection 
For the purpose of quantifying corrosion depths, the non-corroded (baseline) specimen was 
considered as an ideal cylinder of the same length as the scanned rebar and a diameter of 
16mm (i.e. nominal diameter of the steel rebar).  
Experimental work 
   
                                                                                                                                                             88 
  
The deviation between the uncorroded and corroded rebars was calculated at regular intervals 
along the longitudinal (x) and angular (θ) direction. Careful visual observation of the rebars 
seemed to indicate that the appearance of a pit exhibited similar characteristics along the 
longitudinal and angular directions. In this context, the same grid interval was to be used in 
both directions. In order to determine the influence of the measuring interval on the precision 
with which the geometric corrosion characteristics can be recorded, an idealised semi-circular 
pit shape was considered (See Fig. 1.9).  The maximum imprecision on a pit depth 
measurement can be determined by 
Imprecision = 100 ∗
p −  √[p2 − (p − m)2]
p
 
(25) 
where p is the radius of the pit and 2p/n is the interval of measurement.  
In the most unfavourable situation for determining the actual depth: 
If n is an even number ∶  m =
2p
n
∗ floor (
n
2
) 
(26) 
If n is an odd number ∶  m =
2p
n
∗ floor (
n − 1
2
) +
p
n
 
(27) 
 
 
 
 
Figure 3.9 Simplified pit shape for identification of interval of measurement 
To calculate the optimum measurement interval from the developed formula, an estimate of 
the order of magnitude of the pit radius (pit depths present on the surface of the studied rebars) 
is needed. A preliminary analysis using the manual micrometer showed that the maximum 
pits on the 56 specimens never exceeded 4 mm. Therefore, using a pit radius of 4 mm the 
relationship between the error and the interval of measurement was calculated. Accepting a 
2R
Xm
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1% error on the detection of maximum depths of pits (99% accuracy), a corresponding 
measurement interval of 1mm was calculated. 
 
Figure 3.10 Imprecision in detecting maximum depths vs interval of measurement 
 
3.5.1.3 Measurement Accuracy 
Experimental testing tends to contain certain types of error, to a varying degree. For example, 
the nominal accuracy of the scanner might not be achieved in actual tests; therefore, it is 
important to quantify the accuracy of the corrosion measurements. The slight movement 
during the scanning, the possibility of changing light conditions along the process and the 
specific roughness and reflecting properties of the specimens, could introduce inaccuracy or 
imprecision. In order to validate the measurements obtained, a series of comparison tests 
between real and scanned data were undertaken.  
3.5.1.3.1 Accuracy test using artificial pits 
The first test was done via a comparison of measured depths of mechanically drilled pits of 
predefined depth on the surface of pristine rebars. The measurements were obtained using a 
micrometer on the actual bar and through a virtual calliper found in the QA-Scan software 
applied to the scanned images.  As can be seen in Table 3.5, comparison between manual 
measurements and those extracted from the scanned specimens indicates that an accuracy of 
the order of 0.1mm could be achieved on pristine bars with regular “pits”.  
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Table 3.5 Accuracy test using mechanically machined pits 
Specimen Nominal depth 
(mm) 
Electronic micrometre 
(mm) 
Virtual calliper  
(mm) 
5% Corrosion (single drill) 1.8 1.7 1.7 
10% Corrosion (single drill) 2.7 2.6 2.7 
15% Corrosion (single drill) 3.5 3.5 3.5 
15% Corrosion (double drill) 4 (3+1) 3.9 4 
15% Corrosion (triple drill) 4.6 (2.6+1+1) 4.6 4.5 
 
3.5.1.3.2 Accuracy test using real pits 
The second test involved the measurement of the difference between the surface of a perfect 
8mm diameter cylinder and that of a bar corroded along a longitudinal line. These corrosion 
depth measurements were compared with manual measurements obtained with the 
micrometer. They confirmed that an accuracy of about 0.1mm was achievable by the scanner. 
3.5.1.4 Comparison between Mass Loss and Average Corrosion Depth 
Starting with the relationship between volume and mass (m = ρ ∙ v), and because density 
should remain constant through the corrosion process, volume and mass loss should be the 
same.  However, a comparison between the two, with the former estimated using the scanned 
image and the latter measured using the actual specimen, yielded the results shown in Figure 
3.11. The mass loss was found to be higher than the volumetric loss in the vast majority of 
specimens. This can originate from two sources: first, the automatic measurement at discrete 
intervals (1mmx1mm grid) could underestimate the total loss (i.e. actual surface has deeper 
points than the linear interpolation assumed between measurements) and secondly, in some 
cases, corrosion may have occurred outside the scanned length of 190 mm over which 
corrosion was assumed to be allowed. In fact, simple linear regression analysis on the points 
shown in Figure 3.11 yields the following relationship: 
 
𝑉𝑜𝑙𝑢𝑚𝑒 𝑙𝑜𝑠𝑠 (%) = 0.806 ∙ 𝑀𝑎𝑠𝑠 𝑙𝑜𝑠𝑠 (%) − 0.714.    
 
(28) 
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Hence, from this point onwards this research, where necessary, will refer to corrosion level 
as the percentage volume loss resulting from the above regression.  As an example, based on 
this relationship, specimen 9.1, for which the mass loss from gravimetric tests was 17.6%, 
has an average volume loss of 13.5%. 
 
Figure 3.11 Relationship between volume and mass losses on the corroded rebars 
3.6 Non-spatial analysis of corrosion depths 
Once the corrosion depth measurements are obtained and their accuracy is verified, the non-
spatial geometrical aspects of corrosion can be explored.  
As discussed in Chapter 2, the quantification of the geometrical effect of corrosion on steel 
rebars has involved the calculation of the minimum cross-sectional area of the corroded rebar. 
In many cases, for simplification purposes, models use the average cross-sectional area of the 
corroded bar corrected by a factor representing the pitting effect, namely, the pitting 
factor 𝛼 = 𝑃𝑚𝑎𝑥 𝑃𝑎𝑣⁄ .  However, this simplification suggests that the minimum cross-
sectional area is produced at the point where the maximum corrosion depth is found, but this 
assumption has yet to be proved.  
The relationship of the maximum corrosion depth and the minimum cross-sectional area with 
the average corrosion level for the bars studied in this research is presented in Figure 3.12. It 
can be seen that both properties exhibit a good linear correlation with the average corrosion 
level.  
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(a) (b) 
Figure 3.12 Relationship between (a) maximum corrosion depth and (b) minimum 
cross-sectional area and average corrosion level 
 
However, there have not been any previous studies analyzing the relationship between 
minimum cross-section and maximum corrosion depth.  
Table 3.6 presents the average and minimum cross-sectional areas. As shown in Figure 3.13, 
for the calculation of the average corroded cross-sectional area, a radius equal to the 
difference between the original non-corroded radius (R) and the average corrosion depth over 
the whole specimen length of 190mm, 𝑑̅ =
∑ 𝑑𝑖 50 𝑑𝑒𝑝𝑡ℎ𝑠 𝑝𝑒𝑟 𝑠𝑒𝑐𝑡𝑖𝑜𝑛 × 190 𝑠𝑒𝑐𝑡𝑖𝑜𝑛𝑠,⁄
𝑠=190
𝑠=1  was used; while for the minimum cross-
sectional area, the radius is equal to the difference between the original radius (R) and the 
maximum mean depth from all the cross-sections of each bar, 𝑑´̅ =
max( ∑ 𝑑𝑖 50 𝑑𝑒𝑝𝑡ℎ𝑠 𝑝𝑒𝑟 𝑠𝑒𝑐𝑡𝑖𝑜𝑛)⁄
𝑠=190
𝑠=1 . Similarly, the calculation of the area at the point 
of maximum corrosion depth is undertaken by first identifying the cross-sectional location of 
the point and then using a radius equal to the difference between the original radius and the 
average depth at that cross-section.  
Results show that the two points do not always coincide as tacitly assumed in the above 
simplified model; in fact this happened in only 16 out 56 bars (29%) with no clear indication 
that it is more/less likely to happen at high/low corrosion levels. Thus, it is clear that the 
calculation of minimum cross-sectional area as the original non-corroded area of the rebar 
minus the area of the pit having the maximum corrosion depth is not particularly accurate or 
useful. Preferably, a relationship between these two parameters needs to be found. 
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Table 3.6 Summary of critical cross-sectional area losses and corrosion depths 
Rebar 
Cross-sectional area loss Maximum CSA loss same 
location as maximum 
corrosion depth?* 
Average 
(%) 
Maximum (%) At maximum 
corrosion depth (%) 
1.13 6.67 10.26 9.22 N 
1.14 6.52 13.98 9.29 N 
1.15 4.25 9.97 5.43 N 
2.1 6.23 13.13 11.43 N 
2.2 3.90 8.47 6.50 N 
2.3 5.43 13.41 9.66 N 
2.4 7.32 12.67 10.84 N 
2.5 7.97 15.89 12.74 N 
2.6 5.11 12.37 9.05 N 
3.1 1.63 6.82 3.51 N 
3.2 5.23 10.92 6.86 N 
3.3 5.40 9.70 7.62 N 
3.4 2.04 5.23 3.51 N 
3.5 10.11 16.39 14.01 N 
3.6 6.18 10.45 7.52 N 
4.1 8.52 25.64 25.64 Y 
4.2 8.87 15.75 15.75 Y 
4.3 12.07 20.77 15.98 N 
4.4 6.92 11.52 8.52 N 
4.5 6.18 13.55 8.80 N 
4.6 6.06 10.88 9.34 N 
5.2 7.37 13.89 13.89 Y 
5.4 9.32 18.26 13.77 N 
5.5 8.25 14.72 13.21 N 
5.6 9.39 16.91 12.07 N 
6.2 5.09 9.70 9.70 Y 
6.3 4.03 5.76 5.76 Y 
6.4 1.84 4.03 4.03 Y 
6.5 4.00 7.17 5.58 N 
6.6 5.17 8.29 8.29 Y 
7.1 2.89 7.44 7.44 Y 
7.2 7.07 15.99 9.61 N 
7.3 6.86 14.91 14.91 Y 
7.4 5.87 10.76 9.10 N 
7.5 6.41 12.03 10.85 N 
7.6 8.72 14.81 14.81 Y 
8.2 1.46 3.25 3.22 N 
8.3 4.54 7.50 5.79 N 
8.4 3.84 5.31 5.31 Y 
8.5 4.16 5.18 5.18 Y 
8.6 1.83 4.06 3.58 N 
9.1 13.47 20.89 20.88 Y 
9.2 11.64 17.16 14.02 N 
9.3 20.01 41.91 27.71 N 
9.4 16.08 23.11 22.68 N 
9.5 15.47 23.39 18.99 N 
10.1 2.92 5.43 4.14 N 
10.2 2.61 7.21 7.21 Y 
10.3 0.63 2.25 2.22 N 
10.4 2.12 5.18 5.18 Y 
10.5 2.33 5.54 4.16 N 
11.1 3.30 4.80 4.80 Y 
11.2 2.20 9.30 4.59 N 
11.3 1.54 3.19 2.74 N 
11.4 3.50 6.27 5.29 N 
11.5 2.84 9.81 2.92 N 
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Figure 3.13 Factors for the calculation of average corroded area 
A study of the relationship between maximum corrosion depth and minimum cross-sectional 
area showed that the two properties have a good correlation. Deep maximum corrosion depths 
are associated with small minimum cross-sectional areas. This can be explained because both 
the maximum corrosion depth and minimum cross-sectional areas are highly correlated to the 
average corrosion level, as seen in Figure 3.14. Thus, should the maximum corrosion depth 
be known or estimated, the minimum cross-sectional area could be derived from this 
relationship. 
 
Figure 3.14 Minimum cross-sectional area as a function of maximum corrosion depth 
 
Another simplification that has been made in most studies is the fact that the pitting factor 
and the area pitting factor (the relationship between the minimum and the average cross-
sectional area along the surface of the rebar) are considered as constants, although, as 
discussed in Chapter 2, they are dependent on the rate of corrosion, the bar diameter and the 
corrosion environment, among others. Graphical analyses of the effect of corrosion on the 
pitting and area pitting factors for the rebars in this study are presented in Figure 3.14.  
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Corrosion degree does not show an effect on the pitting factor for the studied corrosion levels, 
up to approximately 20% average corrosion loss, with values ranging between 5 and 30, 
contrary to that stated by Cairns et al. (2005). However, it must be said that this variable 
presents a wide scatter, especially for average corrosion values below 10%. From careful 
observation of the data, it would appear that the scatter reduces with increasing corrosion 
level. Moreover, comparing the pitting factor values obtained here with those from previous 
studies, for rebars of similar type and diameter and subjected to the same type of accelerated 
corrosion, the scatter in the value of this factor is even more evident. On the other hand, area 
pitting factor shows a moderate negative correlation with corrosion level. It would be useful 
to incorporate both features in simplified models of pitting corrosion.  
  
(a) (b) 
Figure 3.15 (a) Pitting factor  and (b) Area pitting factor 
3.7 Representation and visualization of the data 
Corrosion depth values obtained on a regular grid are useful data to characterize corrosion. 
In order to obtain a refined characterization, i.e. beyond what has been discussed in the 
preceding section, different approaches should be analysed and compared.  A first step is to 
ascertain the visual appearance of the data in order to potentially identify important features 
that could be of interest. 
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3.7.1 Pictorial 
Pictorial visualisation of corrosion depth on the surface of the rebars allows comparing the 
scanned images (such as the one shown in Figure 3.15) with pictures of the actual bars which 
can provide a qualitative verification of the process used to create the 3D scans. 
  
(a) (b) 
Figure 3.16 Typical corroded rebar and its scanned image 
 
Moreover, as can be seen from Figure 3.16, the scanning process produces results that allow 
to appreciate visually the intrinsic characteristics of corrosion, e.g. presence of a preferred 
orientation or existence of edge effects.  
 
(a) 
 
(b) 
 
(c) 
 
(d) 
 
(e) 
Figure 3.17 Representative scanned images of corroded rebars (a) rebar 11.4 (2.5%), 
(b) 5.2 (6%), (c) 4.3 (11.6%), (d) 9.4 (14.6%) and (e) 9.5 (17.8%) 
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3.7.2 Graphical 
3.7.2.1 Two dimensional plots 
The scanned images, consisting of point clouds, can be further processed using standard 
techniques to create either longitudinal or circumferential corrosion profiles. Such profiles 
can provide an appreciation of the frequency and magnitude of the pits in each bar, potentially 
as a function of the overall corrosion level, and are the pre-cursor to the application of spatial 
statistical analysis and random field modelling Figure 3.18a and b show families of 
longitudinal profiles for one particular bar (Specimen 2.2, overall corrosion loss of 6.7%) 
using two different recording grids, namely 5mm and 1mm respectively.  
 
(a) 
 
(b) 
Figure 3.18 Typical longitudinal profile of corrosion depth measurements of 
representative bar 2.2 (a) Interval of measurement 5mm and (b) Interval of 
measurement1mm 
 
From the comparison of the two profiles it can be asserted that, (a) with the reduction of the 
grid from 5mm to 1mm a noticeable improvement on the detection of corrosion depths can 
be achieved, especially with regard to the presence of some pits which went unnoticed when 
the coarser interval was used and (b) the maximum corrosion depth values are better detected 
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with the finer interval, and, as might be expected, also become deeper since the probability 
of having a record at the deepest point increases. 
3.7.2.2 Three dimensional plots 
A 3D plot of the data by considering an “unfolded” bar allows a better appreciation of the 
different maximum corrosion depths and their location which are not so easily distinguished 
in the 2D profiles. As can be seen in Figure 3.19, through these plots, it is possible to 
appreciate qualitatively the spatial pit characteristics, for example, that there is no preferred 
circumferential sector for the pits to form. However, further analysis is required for such 
observations to be quantified and justified through statistical analysis and hypothesis testing.  
 
Figure 3.19 3D profile of corrosion depths measurements of representative bar 2.2 
3.8 Summary and conclusions 
An automated methodology based on the use of 3D computerised imaging for the recording 
of corrosion depth measurements was presented in this chapter. For the development of this 
technique, a group of corroded rebars covering a range of corrosion levels/degrees was 
produced under accelerated laboratory conditions. Although the electrochemistry behind the 
process and hence the distribution of corrosion will differ from that in naturally corroded 
rebars, a combination of admixed chlorides and imposed current was chosen due to its 
advantages, i.e. reduced time to obtain a certain level of corrosion, ability to control the extent 
and severity of the corrosion attack and comparability with previous studies. Post-processing 
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of the results allowed for an automated acquisition of corrosion depth measurements along 
the surface of the corroded rebars. The main conclusions from this chapter are: 
 For accelerated corrosion using imposed current, the choice of the corrosion current, 
cathode type, electrolyte, geometry of the RC specimen and type of rebars is important 
for the success of the test.  
 Calibration of the time duration of the accelerated corrosion experiments is useful 
given the number of factors that can produce divergence from the theoretical time 
calculated using Faraday´s law. Results suggested that the actual and theoretical mass 
losses are well represented by linear relationships for corrosion levels up to 
approximately 10% but higher corrosion levels might be better represented by an 
exponential relationship.  This is reasonable given the difference between the imposed 
current density and the actual corrosion current density.  
 3D laser scanning techniques provide comprehensive measurement of freeform 
surfaces and are a valuable tool for inspection of corroded surfaces providing a 
number of advantages such as very densely sampled records and high accuracy. Post-
processing of such records allows automated acquisition of measurements at regular 
intervals producing grids of corrosion depths for each rebar.  
 The analysis of critical points of the corrosion surface of reinforcing bars, namely 
maximum corrosion depth and minimum cross-sectional area, show that despite both 
having a good correlation with average corrosion level, and contrary to the notion that 
these two points coincide in location, in a majority of cases they do not. Given that 
only one of the two is usually recorded in existing corrosion studies, establishing a 
relationship between these two parameters can help in allowing wider and more 
detailed comparisons to be undertaken.  
 The effect of corrosion on pitting factor and area pitting factor, which define the extent 
of pitting, was investigated. The first showed no correlation with corrosion level while 
the second showed a moderate correlation with average corrosion level. It is suggested 
that both factors are used in simplified modelling of pitting corrosion.  
 A number of possible data visualisations were presented that allowed for a first rough 
estimation of the structure of the corroded surfaces. 
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4. Corrosion Characterisation based on 
Intensity and Texture Quantifiers: 
Surface Metrological Parameters and 
Image Analysis 
 
4.1 Introduction 
The spatial structure of corrosion is expected to influence the mechanical performance of 
rebars in reinforced concrete. The characterisation of this structure should, therefore, be an 
important aspect of condition assessment of corroded rebars. However, there is currently 
limited understanding of the available and appropriate means of quantifying this spatial 
structure. Moreover, even key concepts such as pit and corrosion defect do not have widely 
accepted and unambiguous definitions, complicating the quantification of their spatial 
properties. 
The visualizations of corrosion depth measurement discussed in Chapter 3, in particular the 
unfolded 3D plots, facilitate visual analysis and help identifying intrinsic corrosion 
characteristics such as shape and location of the localised corrosion attacks and their possible 
relationship between them. However, methods to objectively quantify and analyse these 
characteristics are needed.  
Corrosion surfaces are often characterised using parameters such as maximum and average 
cross-sectional area losses. However, little progress has been made towards characterizing 
the spatial properties of the corrosion distribution itself, which is believe to be crucial in 
improving the understanding of the relationship between corrosion and mechanical properties 
of rebars.  
In light of the above, a number of questions arise as to how a corrosion surface can be 
characterised through its morphology. As seen below, the literature suggests that this could 
be done through quantifiers such as parameters and features from the related field of surface 
metrology, as well as the more general domain of spatial analysis and image processing 
respectively. In this context, pertinent questions are: 
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- What are the quantifiers that could be used to characterise corroded surfaces? 
- How do these vary with the level of corrosion? 
-  How many are needed to adequately characterise the corrosion patterns of rebars?  
The 3D measuring techniques used in this research, provide a comprehensive and detailed 
database of corrosion depth measurements of the corroded surfaces. This extensive amount 
of data provides a rich test-bed for the various characterisation techniques that attempt to 
answer the above questions.  
In this chapter, the concepts of surface metrology and image analysis will be introduced. The 
surface metrological and image analysis techniques used in the present research are 
elaborated in detail and applied to the database of 3D corrosion surfaces. It is important to 
highlight that the line that separates the fields of surface metrology and image analysis can 
be very thin, and some of the techniques are equally applicable to either, as it will be seen 
below. Therefore, the principles will be presented in the most appropriate context, mainly 
according to the degree of development and applicability. The influence of corrosion level on 
the obtained quantifiers is also analysed and discussed. The ability of these quantifiers to 
address the influence of corrosion spatial distribution on mechanical properties will be 
addressed in Chapter 7.  
4.2 Surface metrology 
4.2.1 Applicability to corroded surfaces 
A typical surface of corroded reinforcing bars due to chloride attack presents a high 
unevenness. Uneven surfaces are obviously not unique but can be found in disciplines as 
diverse as geographical topography, also known as geomorphometry, industrial surface 
manufacturing or medical implants (e.g. Mathia et al., 2011; Pike, 2000). Surface 
characterisation is therefore a cross-disciplinary tool.  
One of the main fields of development of surface characterisation, largely unknown in civil 
engineering applications, is mechanical industry surface metrology. This is a branch of 
metrology which aims to characterise the irregularities of manufactured surfaces for quality 
control (Whitehouse, 2003).  
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These irregularities are normally assessed by dividing them into three groups according to 
their spatial frequencies: roughness, waviness and form. Roughness is the component with 
the shortest wavelength (or highest frequency) and is superimposed to waviness which has a 
longer wavelength. Longer waves, which constitute the general shape of the surface, are 
known as form (see Figure 4.1). The exact wavelengths, and the factors that linked to these, 
vary depending on the type of surface. For instance, in the context of manufactured surfaces, 
the wavelengths vary from micrometres to centimetres and are the consequence of 
manufacturing and machining processes. Surfaces may exhibit some or all of these 
irregularity components.  Sometimes the first two, or even all three, are considered together 
under the general expression of surface texture. It will be seen in section 4.3 that the term 
texture is defined slightly differently in the area of image analysis and processing. The 
question whether these three components should be studied together or not appears to be a 
difficult one. Among other factors, different wavelength components introduce different 
stress concentrations on the assessed element. An important factor to take into account is the 
sampling length or the length at which roughness, waviness and form are considered to 
appear. For example, a sampling length to analyse roughness should have an adequate length 
that is not too long  that makes waviness or form also present (Whitehouse, 2003). If 
roughness, waviness and form are to be studied independently from each other, filtering 
techniques are commonly adopted for the separation into the different wavelengths. A review 
of different techniques can be found in Raja et al. (2002). 
Corroded rebar surfaces and machined surfaces have a similar topography although the scales 
are very different, as can be seen in Figure 4.2. Based on this similarity, i.e. similar observable 
patterns and spatial distributions, and since surface metrology is well-established in 
manufacturing, it is of interest to investigate the capacity of surface metrological parameters 
to characterise corrosion. Drawing a simile between surface corrosion and surface texture, 
roughness would be associated with the effect of corrosion, whereas waviness and form could 
be the result of manufacturing of the steel rebars. As the object of this research is restricted 
to the study of corrosion effects, the presence of roughness alone will be assessed, considering 
form and waviness to be negligible. Therefore, in this study the calculation of surface 
roughness and surface texture is equivalent.  
It is, nonetheless, important to bear in mind that machining operations are controlled and, 
hence, the methods proposed for surface roughness analysis are typically aimed at finding 
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trends which have a spatial regularity and orientation. In contrast, corrosion is an uncontrolled 
process for which many of the measures proposed in surface metrology have no underlying 
physical meaning.  
 
 
 
 
 
 
 
 
Figure 4.1 Components of a surface profile 
 
  
(a) (b) 
Figure 4.2 (a) Surface corroded rebar (own) and (b) electrodischarge machined surface 
(Stout et al., 1990) 
4.2.2 Overview and selection of surface metrological parameters 
One of the first attempts to characterise three dimensional surfaces was made by Stout et 
al.(1993) who proposed a set of 14 parameters. The term “parameter” is widely used in 
mechanical industry surface metrology to refer to the measures used to characterise surfaces. 
Later studies introduced more parameters (e.g. Blunt & Jiang, 2003) fuelling what has 
become known as “parameter rash”(Whitehouse, 1982) and highlighting the need for 
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standardization. The development of  ISO 25178-2 “Geometrical product specifications – 
Surface Texture: Areal” (British Standard, 2012a) addressed the need for a standardisation of 
the most relevant parameters. According to this standard, the parameters and methods for 
characterisation of surface roughness can be divided into: field parameters and feature 
parameters, as summarised in Table 4.1. Field parameters are based on statistics and are used 
to classify averages, deviations, extremes and specific characteristics from surfaces. Feature 
parameters are defined using predefined elements from surfaces by using segmentation based 
on pattern recognition (Jiang et al., 2007). 
Field parameters can be divided into: (i) height parameters, which describe properties related 
to the amplitudes of the heights of the surface, (ii) spatial parameters, which quantify the 
spatial properties of the surfaces and are useful to distinguish between oriented and random 
surfaces, (iii) hybrid parameters, which combine height and spatial information, (iv) 
functional parameters and indexes, designed to assess functional topographical features of the 
surface such as bearing (i.e. possible behaviour of a surface in contact with other surface 
generally in motion), wear (i.e. erosion of the material), or fluid retention capacity, and based 
on the Abbott-Firestone curve or bearing area ratio curve, and (v) a miscellaneous parameter 
designed to give information regarding the texture direction. 
As described above, feature parameters, or simply features, are sub-sets of predefined 
elements that are part of a surface. In mechanical industry surface metrology, the three main 
types of features are: (i) areal features (hills and dales), (ii) line features (course and ridge 
lines) and (iii) point features (peaks, pits and saddle points) (Scott, 2009). It is important to 
keep in mind that this is not the same definition used in image processing, as will be seen in 
section 4.3, where features refer to a more abstract idea. Feature characterisation is based on 
a five step process : (i) selection of type of texture feature; (ii) segmentation; (iii) determining 
significant features; (iv) selection of feature attributes; and (v) quantification of feature 
attribute statistics (Jiang et al., 2007). Although features, as will be seen later in the image 
analysis section, do not need to have specific parameters but can be defined per se, in the field 
of surface metrology several feature parameters have been described, e.g. density of peaks, 
arithmetic mean peak curvature, ten-point height, etc.  
This section will focus on the field and functional parameters that are most widely used in 
mechanical industry surface metrology. Section 4.3 on image analysis will include spectral 
and fractal analysis. 
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Table 4.1 Field and Feature Parameters (BS, 2012; Dong et al, 1994; Jiang et al., 2007) 
Family Parameter name  Nomenclature 
 
 
 
 
 
 
 
 
Field 
Parameters 
 
 
Height Parameters 
 
Root mean square height 𝑆𝑞 
Skewness 𝑆𝑠𝑘 
Kurtosis 𝑆𝑘𝑢 
Maximum peak height 𝑆𝑝 
Maximum pit height 𝑆𝑣 
Maximum height 𝑆𝑧 
Arithmetical mean height 𝑆𝑎 
Spatial Parameters 
Fastest decay auto-correlation length 𝑆𝑎𝑙 
Texture aspect  ratio 𝑆𝑡𝑟 
Hybrid Parameters 
Root mean square gradient 𝑆𝑑𝑞 
Developed interfacial area ratio 𝑆𝑑𝑟 
Functional 
Parameters 
and Indexes 
Areal Parameters 
 
Core height 𝑆𝑘 
Reduced peak height 𝑆𝑝𝑘 
Reduced dale height 𝑆𝑣𝑘 
Peak material ratio 𝑆𝑚𝑟1 
Dale material ratio 𝑆𝑚𝑟2 
Dale root  mean squared deviation 𝑆𝑣𝑞 
Plateau root mean squared deviation 𝑆𝑝𝑞 
Material ratio 𝑆𝑚𝑞 
Void Volume 
Core void volume 𝑉𝑣𝑐 
Dale void volume 𝑉𝑣𝑣 
Material Volume 
Peak material volume 𝑉𝑚𝑝 
Core material volume 𝑉𝑚𝑐 
Fractal Parameters Volume fractal complexity, areal fractal complexity… 
Other Peak extreme height, Gradient density function 
Functional indexes 
Surface bearing index Sbi 
Core fluid retention index Sci 
Valley fluid retention index Svi 
Miscellaneous Texture direction Std 
Feature 
Parameters 
Density of peaks Spd 
Arithmetic mean peak curvature Spc 
Ten point height S10z 
Five point peak height S5p 
Five point pit height S5v 
Mean dale area Sda 
Mean hill area Sha 
Mean dale volume Sdv 
Mean hill volume Shv 
Corrosion Characterisation based on Intensity and Texture Quantifiers 
   
                                                                                                                                                             106 
  
The choice of parameters to define surface roughness was carried out with the purpose of 
identifying a range of parameters for characterising spatial patterns of corroded surfaces. The 
selection aimed to be concise yet wide ranging.  Height, spatial and hybrid parameters were 
investigated, as they allow the statistical characterisation of surfaces. Two of these 
parameters, maximum peak height and maximum height, are only meaningful if the reference 
surface is somehow lower than the original non-corroded surface (e.g. the average corrosion 
surface) as, otherwise, all the corrosion heights will be positive (according to the notation 
used, see Figure 4.5), and there will be no valleys but only peaks. A description of each of 
the chosen parameters is found below. 
 
a) Height parameters 
A common measure of the average level of corrosion, widely used in previous corrosion 
research, is the average corrosion depth. In surface roughness characterisation, an equivalent 
parameter is the arithmetical mean height (𝑆𝑎). This parameter is an indicator of the overall 
level of corrosion but it gives no indication of the spatial distribution. A similar measure to 
𝑆𝑎 is the root-mean-square (𝑆𝑞) which also measures the dispersion on the surface from the 
reference plane, however, due to the squaring operation it is more sensitive to extreme values 
than 𝑆𝑎. As discussed in Chapters 2 and 3, one of the most popular descriptors of corrosion 
on reinforcing bars is the maximum corrosion depth. In mechanical industry surface 
metrology the equivalent parameter is called maximum pit height (𝑆𝑣). Skewness (𝑆𝑠𝑘) is a 
measure for the asymmetry of a data set. The skewness will be negative for distributions 
where their longer tail is located at a lower value than the mean (i.e. left skewed), positive 
where the longer tail is located at a higher value than the mean, i.e. right skewed, or zero if 
the distribution presents a symmetrical shape. Kurtosis (𝑆𝑘𝑢) is an indicator of the 
“peakedness” of a set of data. A high  𝑆𝑘𝑢 , i.e. larger than 3, defines a flatter distribution of 
the data while a low 𝑆𝑘𝑢, i.e. smaller than 3, corresponds to more peaked distributions. 
 
b) Spatial parameters 
The directionality of a surface can be assessed by means of its fastest decay autocorrelation 
length and texture aspect ratio. Fastest decay autocorrelation length (𝑆𝑎𝑙) is defined as the 
horizontal distance of the autocorrelation function which has the fastest decay to a specified 
value s. The ratio between the fastest and lowest decay to a specified value s is the texture 
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aspect ratio (𝑆𝑡𝑟). Surfaces with a completely random pattern are said to be isotropic, while 
those with certain directionality are anisotropic. 
The autocorrelation function (ACF) of the surface always contains a central peak with 
amplitude of 1 and in some cases, smaller peaks that indicate the existence of some correlation 
between certain areas of the surface. The shape of the central peak is used as an indicator of 
the directionality of the surface. Moreover, its orientation indicates the direction of the 
pattern. Figure 4.3 depicts two surfaces, one highly isotropic and another highly anistropic 
with their corresponding autocorrelation functions. 
 
 
(a) (b) 
Figure 4.3 (a) Isotropic and (b) anisotropic surfaces and their corresponding 
autocorrelation surfaces (Blateyron, 2006) 
The procedure to obtain 𝑆𝑎𝑙  and 𝑆𝑡𝑟  involves three steps: (i) calculation of the two-
dimensional autocorrelation function of the surface, (ii) thresholding of the ACF at a level s 
and (iii) determination of the shape of the central peak (i.e. its minimum and maximum 
radius). For practical applications involving smooth surfaces the threshold level s is 
commonly adopted as 0.2 (ISO 25178-3:2012 British Standard, 2012b) ; however, it has been 
recommended to adapt it according to the application to ensure the central peak is well defined 
and does not touch the edges of the image (Blateyron, 2006). By way of an example, Figure 
4.4 shows the effect of thresholding on an autocorrelation surface.  
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Figure 4.4 Procedure to calculate 𝑺𝒂𝒍 and 𝑺𝒕𝒓 ISO 25178-2:2012 (British Standard, 
2012a) 
The texture aspect ratio, 𝑆𝑡𝑟 , can take values between 0 and 1.Values of 𝑆𝑡𝑟  close to 1 are 
asociated with isotropic surfaces while values close to 0 are related to highly anisotropic 
surfaces. The fastest decay autocorrelation length parameter 𝑆𝑎𝑙 , provides important 
information of the spectral content of the surface. Low𝑆𝑎𝑙values are associated with surfaces 
which are formed of components with short wavelengths, and conversely high 𝑆𝑎𝑙 values refer 
to surfaces with long wavelengths.  
 
c) Hybrid parameters 
Hybrid parameters are related with both height and spatial properties. These parameters are 
therefore heavily dependent on the interval of measurement (∆x, ∆y). The root mean square 
slope, 𝑆𝑑𝑞 , defines the average slope of the surface, i.e. its complexity, and is commonly used 
to measure the wear of a surface. A low value is related to smooth surfaces while a high value 
is found on surfaces with heavy roughness. The developed interfacial area ratio,Sdr, describes 
the complexity of a surface, by comparing it to an ideal plane the size of the surface, and is 
expressed as a percentage. A low 𝑆𝑑𝑟  therefore corresponds to a nearly flat surface, while a 
high value of the parameter would indicate that the surface has a very rough pattern. 
 
The mathematical definition of the chosen parameters for a surface matrix𝐼(𝑥𝑖, 𝑦𝑗), as defined 
by ISO 25178-2:2012 (British Standard, 2012a), where the maximum row and column are N 
and M respectively, is presented below: 
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Root mean square height : 𝑆𝑞 =  √
1
𝑀∙𝑁
∑ ∑ 𝐼(𝑥𝑖, 𝑦𝑗)2
𝑀
𝑖=1
𝑁
𝑗=1  
(29) 
Skewness:   Ssk =  
1
M∙N∙Sq
3 ∑ ∑ I(xi, yj)
3M
i=1
N
j=1  
(30) 
Kurtosis: 𝑆𝑘𝑢 =  
1
𝑀∙𝑁∙𝑆𝑞
4 ∑ ∑ 𝐼(𝑥𝑖, 𝑦𝑗)
4𝑀
𝑖=1
𝑁
𝑗=1  
(31) 
Maximum pit height:  Sv = MAX(Iv) with Iv > 0 
(32) 
Arithmetical mean height: 𝑆𝑎 =  
1
𝑀∙𝑁
∑ ∑ |𝐼(𝑥𝑖, 𝑦𝑗)|
𝑀
𝑖=1
𝑁
𝑗=1  
(33) 
Fastest decay auto-correlation length: Sal =  min (√τx2 + τy2) 
(34) 
where 𝜏𝑥 , 𝜏𝑦 ∈ 𝑅 with 𝑅 =  {(𝜏𝑥 , 𝜏𝑦) ∶  𝐴𝐶𝐹(𝜏𝑥 , 𝜏𝑦)  ≤ 0.2}, or in other words, 𝑆𝑎𝑙 
represents the minimum horizontal distance between  points (𝜏𝑥 , 𝜏𝑦) of the surface´s 
autocorrelation function (ACF) at a threshold level equal to 0.2.  
Texture aspect ratio: 𝑆𝑡𝑟 =  
min𝜏𝑥,𝜏𝑦∈𝑅(√𝜏𝑥
2+𝜏𝑦
2)
max𝜏𝑥,𝜏𝑦∈𝑄(√𝜏𝑥
2+𝜏𝑦
2)
 (35) 
where 𝑅 =  {(𝜏𝑥 , 𝜏𝑦) ∶  𝐴𝐶𝐹(𝜏𝑥 , 𝜏𝑦) ≤ 0.2} and 𝑄 =  {(𝜏𝑥 , 𝜏𝑦) ∶ 𝐴𝐶𝐹(𝜏𝑥 , 𝜏𝑦) ≥ 0.2}, or in 
other words, 𝑆𝑡𝑟  is the ratio between the minimum and maximum horizontal distances 
between points (𝜏𝑥 , 𝜏𝑦) of the surface´s autocorrelation function (ACF) at a threshold level 
equal to 0.2 with 0 < s ≤ 1. 
Root mean square gradient:  
𝑆𝑑𝑞 =  √
1
(𝑀 − 1) ∙ (𝑁 − 1)
∑ ∑ [(
𝐼(𝑥𝑖 , 𝑦𝑗) − 𝐼(𝑥𝑖−1, 𝑦𝑗)
∆𝑥
)
2
+ (
𝐼(𝑥𝑖 , 𝑦𝑗) − 𝐼(𝑥𝑖 , 𝑦𝑗−1)
∆𝑦
)
2
]
𝑀
𝑖=2
𝑁
𝑗=2
 
(36) 
 
Developed interfacial area ratio: 
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𝑆𝑑𝑟 =
1
(𝑀 − 1) ∙ (𝑁 − 1)
[∑ ∑ (√[1 + (
𝐼(𝑥𝑖 , 𝑦𝑗) − 𝐼(𝑥𝑖−1, 𝑦𝑗)
∆𝑥
)
2
+ (
𝐼(𝑥𝑖 , 𝑦𝑗) − 𝐼(𝑥𝑖 , 𝑦𝑗−1)
∆𝑦
)
2
]
𝑀
𝑖=2
𝑁
𝑗=2
− 1)] 
(37) 
4.2.3 Application to corrosion surfaces 
The set of 56 corroded surfaces described in chapter 3 were analysed using the parameters 
presented above. These parameters are a function of surface height I(x, y) with a number of 
these being sensitive to the definition of the reference surface, or datum. In this research two 
different reference surfaces were investigated, the original non-corroded surface and the 
average corrosion surface as seen in Figure 4.5.  
 
Figure 4.5 Corrosion depths from the two reference surfaces 
As described above, the arithmetical mean height (𝑆𝑎) parameter is a good descriptor of the 
average level of corrosion on the rebar. The relationship between the arithmetical mean height 
(𝑆𝑎) parameter and the corrosion level is linear (see Figure 4.6a and b). The fact that this 
relationship is not a perfect straight line, i.e. 𝑦 = 𝑥, is due to the noise coming both from the 
measuring device and the gravimetric analysis for the determination of the mass loss. The 
measurements obtained from the laser scanner had an accuracy of 0.1 mm, therefore, some 
depths have not been considered in this analysis over/underestimating the volumetric loss of 
the corroded rebars. In the case of the gravimetric analysis, there is a possibility that some 
corrosion developed outside the 190 mm test length but was anyhow included in the result. 
In order to mitigate this noise, the different analysed parameters are plotted against 𝑆𝑎 which 
is deemed to be the corrosion level indicator. The correlation between the selected parameters 
I(x, y) I (x, y)
Original Non-corroded Surface (I(x, y) = 0)
Average Corrosion Surface (I (x, y) = 0)
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and the arithmetical mean height was estimated by means of regression analysis. The best 
fitting trendline, together with its equation and coefficient of determination (𝑅2) are presented 
in each graph. 
Height parameters were investigated in the first place. Figure 4.6c and Figure 4.6d show the 
relationship between the root-mean-square (𝑆𝑞) and the arithmetical mean height for the two 
discussed reference surfaces. As expected, it is observed that in both cases𝑆𝑞  increases 
linearly with increasing corrosion percentage. 
The relationship between maximum pit height (𝑆𝑣) and 𝑆𝑎 for the two possible datums are 
shown in Figure 4.6e and Figure 4.6f. This parameter increases linearly with increasing 
corrosion percentage, meaning that, generally, rebars having higher corrosion levels contain 
deeper pits. 
The skeweness (𝑆𝑠𝑘) of the data is shown in Figure 4.6g and Figure 4.6h. From these diagrams 
it can be seen that 𝑆𝑠𝑘  has positive non-zero values. This means that the data is “inclined” 
towards the right, or in other words, that the distribution of corrosion depths follow a 
lognormal or extreme-value type of distribution. Moreover, it was found that skewness was 
not noticeably affected by the corrosion level.  
Figure 4.6i and Figure 4.6h depict the relationship between kurtosis (𝑆𝑘𝑢) and the arithmetical 
mean height for the two different datums. The values of kurtosis in both cases remained 
systematically higher than 3 meaning the data is densely distributed about a mean/median 
value. In both cases, the regression analysis indicates that there is no significant relationship 
between these two parameters, or in other words, that kurtosis of the data is not influenced 
by corrosion level. 
The coefficients of determination were systematically higher when the indicators were 
estimated using the original non-corroded surface as reference, which implies that they offer 
more robust regression relationships than their counterparts in which the average corrosion 
surface is used as reference. It is worth noting that the latter, which incorporate a 
normalisation with respect to the overall level of corrosion in a rebar, show higher spreads, 
which could be attributed to the higher variability associated with local corrosion. 
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(a) (b) 
  
(c) (d) 
 
 
 
(e) (f) 
Figure 4.6 Effect of corrosion on Height parameters for original non-corroded reference 
surface (left col.) and for average corrosion reference surface (right col) (a,b) Arithmetic 
mean height, (c, d) Root mean square height, (e.f) Maximum pit height 
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(g) (h) 
  
(i) (j) 
Figure 4.6 Effect of corrosion on Height parameters for original non-corroded reference 
surface (left column) and for average corrosion reference surface (right column) (g,h) 
Skewness and (i,j) Kurtosis 
For the specific process that corresponds to this experimental setup, the directionality of the 
corroded surfaces has been assessed through the fastest decay autocorrelation length (𝑆𝑎𝑙) 
parameter. A threshold value of 0.2 was chosen as it was observed to give a well-defined 
central peak on the majority of the surfaces under investigation. It was also observed that all 
central peaks were parallel to the longitudinal dimension of the rebars, therefore suggesting 
a longitudinal preferential direction of the corrosion pattern, and also that the autocorrelation 
in the angular direction is much lower than that on the longitudinal direction. Finally, the 
shape of the central peak was determined by calculating its minimum and maximum radius, 
𝐷𝑚𝑖𝑛 and 𝐷𝑚𝑎𝑥 (see Figure 4.7). 𝐷𝑚𝑖𝑛  was taken as the fastest decay autocorrelation length 
(𝑆𝑎𝑙) while the texture aspect ratio (𝑆𝑡𝑟) was calculated as the ratio between the minimum 
and maximum lengths previously indicated.  
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Figure 4.7 Thresholded autocorrelation images for rebars 5.5 (left) and 6.4 (right) 
It can be observed from Figure 4.8 that 𝑆𝑡𝑟  does not have any correlation with the corrosion 
level. The texture aspect ratio values exhibited a high variability with values closer to 0 
corresponding to highly anisotropic surfaces and values closer to 1 to isotropic ones.   
  
Figure 4.8 Effect of corrosion level on the texture aspect ratio 
As regards to the fastest decay autocorrelation length, 𝑆𝑎𝑙 ,  results in Figure 4.9 show that this 
parameter presents some very noticeable outliers. The inspection of these outliers showed 
that they were coming from the presence of anomalous central peaks such as those in Figure 
4.10b, c and d. To analyse this phenomenon in more detail two corrosion images 
corresponding to rebars 10.1 and 10.2 with the same percentage mass loss (3.3%) can be 
compared from Figure 4.10a and b respectively. Although simple visual observation of these 
corrosion images does not show signs of different corrosion directionality, the use of 
thresholded autocorrelation images makes it evident that the central peak of the different 
images, and thus their directionality, substantially differs. Hence, as a general statement, it 
can be said that 𝑆𝑎𝑙 presents a rather constant value with corrosion as well as a noticeable 
amount of scatter. This indicates that the corrosion level does not have a strong influence on 
the directionality of corrosion patterns.  
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Figure 4.9 Influence of corrosion on the fastest decay autocorrelation length 
 
  
  
(a) (b) 
  
  
(c) (d) 
Figure 4.10 Corrosion images and thresholded autocorrelation images for rebars 10.1 
(a), 10.2 (b), 4.2 (c) and 5.6 (d) 
Figure 4.11 and Figure 4.12 depict the root mean square slope, 𝑆𝑑𝑞 , and the interfacial area 
ratio, 𝑆𝑑𝑟 , of the analysed corroded surfaces. Although both parameters are equivalent, the 
former, 𝑆𝑑𝑞 , is expressed with no units (it represents the slope) whereas the latter, 𝑆𝑑𝑟 , is 
given as a percentage. It is found that both the root mean square slope and the developed 
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interfacial area ratio increase linearly with the increase in the corrosion level. This indicates 
that the surface becomes rougher as the corrosion level increases.  
 
Figure 4.11 Effect of corrosion on the root mean square slope 
 
Figure 4.12 Effect of corrosion on the developed interfacial area ratio 
 
4.3 Image analysis 
Corrosion depth measurements  are, in essence, two-dimensional signals (with the depth 
being a continuous variable) discretely sampled at regular intervals. From this perspective, 
they are analogous to digital images, with the depth variation represented through a colour 
intensity. Image analysis techniques are, therefore, another means of characterising corroded 
surfaces. There is a plethora of different techniques in different fields of science and industry 
such as medicine, materials science and defence. In this section, some of these techniques 
will be developed and applied to corrosion analysis.  
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Digital images are two-dimensional functions, f(x, y), where x and y are the spatial coordinates 
and their values and that of f are finite and discrete (Sonka et al, 2008). This function is 
effectively an  MxN matrix where each of the elements, a.k.a. pixels, represents an intensity 
value: 
 
𝑓(𝑥, 𝑦) = [
𝑓(0,0) 𝑓(0,1)       … 𝑓(0, 𝑁 − 1)
𝑓(1,0) 𝑓(1,1)        … 𝑓(1, 𝑁 − 1)
…
𝑓(𝑀 − 1,0)
…
𝑓(𝑀 − 1,1)
…
𝑓(𝑀 − 1, 𝑁 − 1)
] 
 
(38) 
Depending on how this intensity is coded, four main types of images can be distinguished: 
indexed, intensity, binary and RGB images. Indexed images consist of two arrays, a data 
matrix and a colour map matrix. Colour map is an m-by-3 matrix where the columns 
correspond to the red, green and blue colours and their values specify the amount of each 
single colour. Each pixel in the image is an integer value corresponding to a row in the colour 
map. Intensity images are those where each pixel of the image matrix designates an intensity 
value itself. As its name indicates, binary image pixels can take two values, 1 or 0 (i.e. on/off, 
true/false) and thus are often used as masks for selecting regions of interest from other images. 
In RGB images, the image is an m-by-n-by-3 matrix where m and n are the numbers of rows 
and columns of pixels and the third dimension consists of three planes containing red (first), 
green(second) and blue(third plane) intensity values. It is important to note here that the 
images used in this research are not photographic images but have been acquired by using a 
laser scanner. Therefore, their pixels indicate corrosion depths; thus being analogous to 
intensity images. For visualisation purposes, images produced in this research are plotted 
using some depth to colour mapping using a 64-by-3 colour map. Appendix A contains 
images of the rebars using two different colour maps. The local, where colours range from 
zero depth (no corrosion) to maximum corrosion depth at each bar, allows the visualisation 
of local features whilst the global, ranging from zero to maximum corrosion depth of the most 
corroded bar, allows comparison between different rebars.  
The visual content in an image can be represented by a hierarchical structure of abstraction 
consisting of three levels: low, medium and high level vision. Low-level vision consists of 
the colour or brightness at each pixel, medium-level vision consists of the descriptions 
extracted from the surface from the low-level elements, i.e. features or parameters, and high-
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level vision consists on the interpretation and understanding of the surface information, i.e. 
interpretation of the features or parameters (Aslandogan et al., 1999). Equally, image analysis 
can be grouped according to the same principles, from a more simplified to a more 
sophisticated implementation. Low-level refers to processes that require no intelligence from 
the analysis system such as the acquisition of the image and pre-processing. The image is pre-
processed to improve its quality by removing possible noise, restoring possible holes, etc. 
Medium-level refers to processes for visualization or further processing for extraction of 
information and/or managing that information. Interpretations of this information are 
regarded as the high-level processes (Sonka et al, 2008). The main steps of this process are 
illustrated in Figure 4.13. For this research, the first two steps as well as the visualization of 
the data have already been covered in Chapter 3, hence the focus is now in image analysis 
per se. 
 
Figure 4.13 Typical Steps in Image Analysis 
4.3.1 Image features 
Features capture important characteristics of images and allow the identification of 
differences between them. They are generally classified into colour/intensity, texture and 
shape features. Colour features are the most commonly used to depict image content and 
capture the chromatic information of an image, i.e. the different tonal variations among the 
pixels of the image. Texture features represent the spatial distribution of tonal variations on 
the image. Texture and colour are not independent but are intrinsically related, as will be seen 
in section 4.3.2 (Haralick et al., 1973). Shape features are one of the hardest to extract, as they 
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require the segmentation of the image in order to extract the regions of interest. They refer to 
properties inherent to the segmented regions such as area, eccentricity, circularity, etc. 
(Aslandogan et al., 1999; Rui, Huang, & Chang, 1999).  
Colour features have been indirectly assessed in section 4.2 with the analysis of the height 
distribution, and shape features, requiring segmentation, will be studied in chapter 5. 
Therefore, this section will concentrate on exploring texture features.  
Several studies analysing the performance of different texture extraction methods have shown 
that the produced results can vary widely depending on the method used (e.g. Sharma et al., 
2001). This is the main reason for investigating a diverse range of techniques in this research. 
Moreover, the lack of other studies analysing the performance of different texture techniques 
on corrosion images offers a unique opportunity to assess their suitability in quantifying the 
effect of corrosion. 
4.3.2 Texture features 
Corrosion images present certain complex visual patterns that are known as texture. Texture 
features are defined as local neighbourhood properties of the intensity values of an image 
(Scheunders et al., 1997). Methods for texture extraction from images can be generally 
classified into four categories: statistical methods, structural or geometrical methods, model-
based methods and transform based methods (e.g. Bharatietal., 2004; Materka & Strzelecki, 
1998).  
Statistical texture methods describe textures based on the statistical distribution of intensity 
pixel values. Depending on the number of pixels defining the local feature, the statistical 
methods can be divided into first-order (one pixel), second-order (two pixels) and higher-
order (three or more pixels).  It is important to not confuse order texture measures with two 
properties with similar names: order statistics and distribution moments. Order statistics 
define the position of a data point inside a set of data (e.g. first-order statistic is the minimum 
element of the sample; n-th order statistic is the nth element of the sample). Distribution 
moments measure the shape of a set of data (e.g. first-order corresponds to the mean, second-
order to the variance, third-order to the skewness, etc.). First-order texture measures are 
derived from the histogram of pixel intensity values and do not consider pixel neighbourhood 
relationships (i.e. mean, variance, etc.). The use of first-order measures to define texture 
shows the blurred line separating colour and texture features noted earlier. Second-order 
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texture measures are obtained from the co-occurrence matrix, hence considering relationship 
among groups of two pixels. Co-occurrence matrix from an image is constructed based on a 
given displacement operator. The elements in the co-occurrence matrix represent the number 
of occurrences of a specific pair of  intensity values separated by the displacement operator 
(Srinivasan & Shobha, 2008; Weszka et al., 1976). Higher order texture measures consider 
relationships among groups of three or more pixels. Autocorrelation functions, which enable 
the study of the regularity/coarseness of the texture in the image, are also commonly used 
(Selvarajah & Kodituwakku, 2011). 
Structural or geometrical texture analysis techniques describe texture by means of the 
description of pre-defined elements or primitives (e.g. lines, circles, ellipses, etc.) that form 
the texture. Previous research works have used different methods for primitive extraction  
such as edge detection with Gaussian filters, adaptive region extraction or mathematical 
morphology; more details on these methods can be found in Ojala & Pietikainen (2001). After 
the texture elements are identified, the analysis results will depend on their properties, such 
as intensity or geometry, and location. The most common geometrical method is based on 
Voronoi tessellation (Tuceryan & Jain, 1990). 
Model-based texture analysis methods try to identify the process that generated the texture. 
These methods are based on the assumption of a model for the analysed image; the model 
parameters can be estimated and used to describe the texture. Commonly used model-based 
texture descriptors are autoregressive models, Markov random fields and fractal models 
(Bharati et al., 2004).  
Transform-based or signal-processing based methods analyse the image information at 
different spatial frequency bands. These methods decompose the image by using filters into 
its constituent sub-bands. Examples of such approaches are Fourier and Wavelet Transforms 
(Bharati et al., 2004). 
In the absence of strong morphological features to define suitable primitive elements, 
structural textural techniques were not considered in this study. Also, the use of model-based 
methods is premature given the lack of prior studies. Therefore, as a first approach to this 
problem, a selection of statistical and transform-based methods is investigated in the context 
of corrosion image analysis. These methods are (i) a wavelet–based technique, (ii) a kernel 
estimation-based technique and (iii) an autocorrelation-based technique.   
Corrosion Characterisation based on Intensity and Texture Quantifiers 
   
                                                                                                                                                             121 
  
4.3.3 Wavelet-based method for texture characterisation 
Corrosion images are complex data structures containing contributions (i.e. defects and 
background) at different space and frequency localizations. Most corrosion models represent 
the measured data at a fixed resolution or scale in time and frequency. However, there are 
certain features of corrosion surfaces, such as their texture, which might be better identified 
in a multiple scale analysis. Multi-scale analysis is the method used by the human visual 
system to process images (Scheunders et al., 1997). Effectively multi-scale analysis works 
like a series of magnifying lenses, zooming in the data and being able to focus on small scale 
details. Multi-resolution representation provides a hierarchical framework for interpreting the 
image information as details at different resolutions representing different physical structures 
(Mallat, 1989).  
In this section a texture wavelet-based feature extraction technique is used for the 
characterisation of corrosion images using different quantifiers, including energy. The 
theoretical background of wavelet transform and multi-spectral analysis is presented and then 
applied to the database of corrosion images. The different features are explained and 
subsequently results pertaining to the experimental database are discussed.  
4.3.4 Theoretical background 
As previously stated, a multi-scale approach is intrinsic to data observation as it has its roots 
in the human visual system. 
Other available methods, which evolved prior or in parallel to the development of wavelet 
theory, offer similar results but the latter is the only theory designed to decompose a signal 
providing both time and frequency information with a good resolution simultaneously (Kutz, 
2013b). The post-processing of wavelet coefficients has a wide range of applications. It has 
found utility in problems as varied as signal analysis, data compression, and feature analysis 
or pattern recognition for fields as diverse as medicine, military intelligence, engineering, 
biology or economics. There is a large volume of literature describing the principles of 
wavelet analysis, approaching the subject from the different study areas. In this study, the 
description will be from an engineering point of view. In the following, a review of the 
evolution of related signal analysis techniques will be presented. More mathematical 
explanations can be found in Burrus et al (1998), Kaiser (1994) and Daubechies (1992).  
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Wavelet analysis can be considered an extension of the more widely known Fourier 
Transform. The latter is a widely known technique which allows transforming a mathematical 
function in the domain of time (or space) into a new function in the frequency domain.  In 
simpler terms, a graph of a function in the time (or space) domain defines the change in the 
function over time (or space) while a graph in the frequency domain explains how much the 
function lies within each given frequency band over a range of frequencies. Its main use 
comes because of the existence of an inverse Fourier Transform which allows inverse 
mapping, i.e. moving back from a frequency to a time (or space) domain under certain 
conditions (Merry, 2005). The mathematical expressions of Fourier Transform for a 
continuous function f(x) and its inverse are respectively given by Eq. (39) and (40): 
F(k) =  
1
√2π
∫ e−ikx ∙ 𝑓(x) ∙ dx
∞
−∞
 (39) 
𝑓(x) =  
1
√2π
∫ eikx ∙ F(k) ∙ dk
∞
−∞
 (40) 
where 𝑥 ∈ [−∞, ∞]and k is the spatial frequency. 
According to Euler´s Formula, 𝑒𝑖𝑥 = cos(𝑥) + i ∙ sin(𝑥) and hence, 𝑒𝑖2𝜋𝑓𝑡 = cos(2𝜋𝑓𝑡) +
i ∙ sin(2𝜋𝑓𝑡). This gives its usefulness to Fourier Transform as it allows expressing a 
continuous function as a weighted sum of cosines and sines. This is particularly useful when 
the aim is to manipulate data in the frequency domain, for example in the fields of digital 
signal processing and imaging.  
However, the main limitation of Fourier Transform is that, although it can capture frequency 
information, it cannot state when those frequencies occurred in time or space (see Figure 
4.14b). This is not really important when the signal is stationary (its mean and variance do 
not change with time or space) or periodical (its pattern is repeated at constant periods), but 
it is when the signal is rather irregular in time or space, such as in the case of corrosion 
topography. To overcome this problem, the Windowed Fourier Transform Methods (also 
known as short-time Fourier Methods), e.g. Gabor´s Transform, were developed. These 
methods divide signals into smaller parts which are Fourier-transformed independently from 
one another. This is achieved by using a moving window (which is translated and its width 
varied to cover all the divisions made along the length of the signal) such as shown in Figure 
4.14c. Therefore, some information about when the frequencies occurred in time/space is 
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gained. However, there is a drawback: signal´s frequency content associated to wavelengths 
longer than the window is lost by using these methods. This is in accordance with 
Heisenberg´s Uncertainty Principle which states that for a certain signal there is a limit for 
the precision with which the pair of properties time and frequency can be known 
simultaneously (Kutz, 2013b). Thus, the limitation of this method is found in that precision 
on determining frequency and time/space simultaneously is defined by the window size, 
which has a number of limitations. Figure 4.14 presents a graphical explanation of the 
different domains (time/space only, frequency only and time/space and frequency).  
 
   
(a) (b) (c) 
 
(d) 
Figure 4.14 Time series (a), Fourier (b) and Windowed Fourier analysis (c) and 
Graphical explanation of the Windowed Fourier Transform (d)(Kutz, 2013a) 
Haar (1910) was the first author to mention wavelets for series expansions of real functions 
(although the term used was “orthogonal function systems”). Nonetheless, their use did not 
become widespread until the 1970s. Several advances by Levy, who understood the potential 
of scale-varying Haar orthogonal functions as compared to Fourier sinusoidal functions, plus 
research efforts by many others up to 1980s contributed in developing and improving wavelet 
theory and, therefore, its usefulness and popularity.  It was Morlet who started using the term 
“ondelette” (small wave) which later became known in English as “wavelet”. Together with 
Grossmann (who came up with the idea of inverse wavelet trasform, to recompose the 
transformed signal), he stated the principles of current wavelet theory. They tried to overcome 
the problem posed by the fixed window size from the Windowed Fourier Transform, which, 
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as aforementioned, did not capture certain frequencies longer than the window, and decided 
to use a varying window size with a constant frequency.  
Later contributions to the field were made by Meyer who invented the second known family 
of orthogonal wavelets, proposed the concept of orthogonal wavelet, Mallat and Meyer who 
proposed the idea of multi-resolution analysis and Daubechies who constructed the family of 
wavelets named after herself after finding a systematical method to construct compact support 
orthogonal wavelets, among others (Gao & Yan, 2011). 
A common definition of a wavelet is a small and smooth wave-like function. In this context, 
“small” refers to a limited duration (i.e. zero outside an interval) and a good localisation (i.e. 
having well defined starting and ending points); in essence, it means that the wavelet is non-
zero only for a finite number of values. This is in opposition to long (i.e. infinite) cosines and 
sines used in Fourier Transforms.  
In order to confirm that an ordinary wave is indeed a wavelet, it has to satisfy certain 
conditions (Gao & Yan, 2011; Merry, 2005; Valens, 1999), which are: (i) be a square 
integrable function and (ii)  satisfy the admissibility and the regularity conditions.  
Hence, a wavelet ψ(x) needs first to comply with the following equation: 
∫ |ψ(x)|2dx <  ∞
∞
−∞
 (41) 
where the norm |ψ(x)|is called the energy of the function and thus shows that the energy is 
square integrable. In engineering terms, this equation means the signal has finite energy. 
In order to be able to inverse the transformation, once the signal has been analysed, without 
loss of information, the admissibility condition needs to be fulfilled (Eq.(42)): 
∫
|ψ̂(ω)|
2
|ω|
∞
−∞
dω < ∞ 
(42) 
where ψ̂(ω) is the Fourier transformation of ψ(x). 
In practice, this condition reduces to the only slightly weaker requirement that the wavelet 
has zero mean, or in other words, that a wavelet has to oscillate, like a wave, in order to have 
a zero total area: 
∫ ψ(x)dx = 0
∞
−∞
 (43) 
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The regularity condition ensures that the aforementioned smoothness and time and frequency 
locations are fulfilled. The mathematical proof of this requirement is not so intuitive and does 
not have a major relevance on this research, therefore, for an in depth explanation the reader 
is referred to Valens (1999). 
There are many well-known wavelet families which satisfy the aforementioned conditions. 
However, many more can be created to satisfy the needs for a certain problem. A general 
equation for the basic function, also known as mother wavelet, is: 
ψs,τ(x) =
1
√s
ψ (
x − τ
s
) , s > 0, 𝜏 ∈ 𝑅 (44) 
where s is the scale parameter (which controls the dilation of the mother wavelet) and𝜏 is the 
translation parameter (which controls the translation along the space axis) as schematically 
presented in Figure 4.20. 
 
Figure 4.15 Illustration of translation (by the translational parameter) and dilation (by 
the scaling parameter) (Gao & Yan, 2011) 
 
The interest of wavelets lies in their application for multi-resolution analysis. This type of 
analysis decomposes a signal into its constituent frequencies at different resolution levels. 
Unlike the Windowed Fourier Transform, which has constant resolution at all times and 
frequencies, the Wavelet Transform has good time and poor frequency resolution at high 
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frequencies and good frequency and poor time resolution at low frequencies  (Polikar, 2006). 
This is schematically shown in Figure 4.16, which can be contrasted with Figure 4.14. 
 
 
Figure 4.16 Graphical explanation of Wavelet analysis (Kutz, 2013a) 
4.3.4.1 Continuous Wavelet Transform 
In reality, the continuous wavelet transform operates discretely. Its name comes from the fact 
that both the time and scale parameters take any value in their range, that is τϵ R and s>0 
(Misiti et al., 1996). Hence, there is an overlapping between wavelets and redundancy in the 
information extracted. This differentiates it from the discrete wavelet transform (see Section 
4.3.4.2). However, for certain applications such as signal denoising and feature extraction this 
redundancy is indeed useful (Gao & Yan, 2011). 
Succinctly, continuous wavelet analysis consists on fitting dilated and translated versions of 
the mother wavelet to a signal to decompose it into its constituent frequencies.  
The Continuous Wavelet transform of a function f(x) can be defined as: 
𝑓WT(τ, s) =
1
√|s|
∫ 𝑓(x) ∙ ψ∗ (
x − τ
s
)
∞
−∞
dx (45) 
where ψ∗(∙)is the complex conjugate of the scaled and shifted wavelet function ψ(∙), τϵ R 
and s > 0. 
The integral on the wavelet formula,𝑓() ∙ ψ∗(∙), is a mathematical operation known as 
convolution. A convolution is in practice a measure of the similarity between two vectors 
(signals). Each time the mother wavelet is dilated by factor τ and translated by factor s, a new 
convolution operation is calculated which establishes the comparison between the signal and 
the wavelet at the specific time and location and a value of 𝑓WT(τ, s) is computed. Each of 
Time (t)/Space (x)
F
re
q
u
en
cy
(ω
)
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these values is called a wavelet coefficient. The more similar the wavelet and the signal are, 
the larger the coefficients will be.  The mathematical expression for wavelet coefficients is: 
cn =  ∫ 𝑓(x)ψ
∗
n
(x)dx
∞
−∞
 (46) 
 
Continuous Wavelet is mathematically reversible. Equivalently to Fourier’s Inverse 
Transform there exists an Inverse Wavelet Transform: 
𝑓(x) =  
1
Cψ
2 ∫ ∫ 𝑓WT(τ, s)
1
s2
ψ (
x − τ
s
) dτds
∞
−∞
∞
−∞
 
(47) 
 
where Cψ = ∫
|ψ(𝑓)|2
𝑓
∞
−∞
d𝑓 < ∞ is the admission condition of the wavelet ψ(x) 
4.3.4.2 Discrete Wavelet Transform 
Discrete Wavelet Transform reduces the high computational costs of implementing 
Continuous Wavelet Transform for certain applications such as image compression. Its main 
difference compared to the continuous transform is that instead of convolution calculations, 
band filters of different frequencies are used at different scales to decompose the signal. Band 
filters are signal-processing devices that pass certain frequencies while removing others 
(Merry, 2005). Another important difference is that the scale and translation parameters are 
sampled at powers of two, more specifically, τ=k *2^j and s=2^j, where j∈ 𝑍 and k ∈
𝑍 (Vidakovic & Mueller, 1994). This is called dyadic sampling and the explanation for its 
frequent choice is explained in Polikar (2006).  
A signal analysed by Discrete Wavelet is decomposed in different frequency bands by using 
both high-pass and low-pass band filters to capture the high and low frequencies respectively. 
This can be seen as the equivalent of convolution on Continuous Wavelet. At every scale, the 
low-pass spectrum from the previous scale is decomposed into a low-pass part, or 
Approximation, and a high-pass part, or Detail. Each of these parts contains half the frequency 
load of the previous scale, but an equal number of samples. Therefore, the total number of 
samples is doubled. In order to overcome this problem, an operation called downsampling is 
used (Valens, 1999). It reduces the sampling rate to half by discarding every other sample so 
that each Approximation, or Detail, has half the number of samples of the Approximation, or 
Detail, at the previous level. This process continues until there are no more possible 
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decomposition scales, i.e. until there is one sample left in the Detail at that level. This process 
is called a multilevel decomposition, and, at each level, a signal 𝑓(𝑥)can be represented by: 
𝑑(𝑘) =  ∑ 𝑓(𝑥) ∙ 𝑔(2𝑘 − 𝑛)
𝑛
 (48) 
𝑎(𝑘) =  ∑ 𝑓(𝑥) ∙ ℎ(2𝑘 − 𝑛)
𝑛
 
(49) 
Where n is the number of 𝑑(𝑘) is the Detail, 𝑎(𝑘) is the Approximation and𝑔(∙) and ℎ(. )are 
the high-pass and low-pass wavelet filters respectively. 
Once again, the problem of reconstruction needs to be solved. The condition for 
reconstruction is that the energy of the wavelet coefficients is between two positive bounds. 
It is also recommended that the wavelet function basis are orthogonal, i.e. the inverse wavelet 
transform is the adjoint of the wavelet transform (but bi-orthogonal or frames are also 
accepted) (Polikar, 2006; Valens, 1999). Once this is fulfilled, the signal can be reconstructed 
using synthesis filters where signals are up-sampled, i.e. the number of samples is doubled, 
and passed through reverse filters (Misiti et al., 1996b). The Approximations and Details 
themselves can also be reconstructed following the same procedure. A scheme of a multilevel 
decomposition can be seen in Figure 4.17. 
 
 
Figure 4.17 Multilevel decomposition of a signal S (Misiti et al., 1996b) 
4.3.4.3 Two-dimensional Wavelet Analysis 
The two-dimensional case can be considered as an extension of the one-dimensional. In the 
2D case, the wavelet transform splits the image into four sub-images. These come from the 
𝐴1 
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=          +         +        +
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Corrosion Characterisation based on Intensity and Texture Quantifiers 
   
                                                                                                                                                             129 
  
four possible combinations of the low and high band filters. Similar to the 1D case, at each 
level of decomposition the signal 𝑓(𝑝, 𝑞)can be represented by: 
𝑎(𝑝, 𝑞) =  ∑ ∑ 𝑓(𝑝, 𝑞) ∙ ℎ(2𝑝 − 𝑛)
𝑚
∙ ℎ(2𝑞 − 𝑚)
𝑛
 (50) 
𝑑ℎ(𝑝, 𝑞) = ∑ ∑ 𝑓(𝑝, 𝑞) ∙ 𝑔(2𝑝 − 𝑛)
𝑚
∙ ℎ(2𝑞 − 𝑚)
𝑛
 
(51) 
𝑑𝑣(𝑝, 𝑞) =  ∑ ∑ 𝑓(𝑝, 𝑞) ∙ ℎ(2𝑝 − 𝑛)
𝑚
∙ 𝑔(2𝑞 − 𝑚)
𝑛
 
(52) 
𝑑𝑑(𝑝, 𝑞) =  ∑ ∑ 𝑓(𝑝, 𝑞) ∙ 𝑔(2𝑝 − 𝑛)
𝑚
∙ 𝑔(2𝑞 − 𝑚)
𝑛
 
(53) 
 
where 𝑎(𝑝, 𝑞), known as approximation, corresponds to the low-pass filtering in rows and 
columns; 𝑑ℎ(𝑝, 𝑞), horizontal detail, high-pass filtering in rows and low-pass filtering in 
columns; 𝑑𝑣(𝑝, 𝑞), vertical detail, low-pass filtering in rows and high-pass filtering in 
columns and finally,  𝑑𝑑(𝑝, 𝑞), diagonal detail, high-pass filtering in rows and in columns. A 
schematic representation of two-dimensional decomposition is presented in Figure 4.18.  
   
   
               (a)                               (b) 
 
Figure 4.18 Wavelet-based image decomposition, (a) Original Image and (b) Wavelet 
Transform 
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4.3.4.4 Review of Wavelet-based Methods for Corrosion Images 
Wavelet-based feature extraction is a popular texture characterisation method for different 
types of images. Previous studies have used wavelet-based features for content based image 
retrieval and image classification problems, i.e. automatic recognition and classification of 
images. The majority of these studies use the discrete wavelet methods, though not all use the 
traditional discrete approach presented above. Some studies use the wavelet packet 
decomposition approach, which will be described below. The main difference between the 
different investigations is the proposed texture feature and the chosen image processing areas, 
i.e. the whole image or a part of it. Most of these studies have used energy or entropy-based 
texture descriptors. Energy and entropy of a sub-image can be calculated as:  
Energy         
𝐸𝑠 =  
1
𝑀 ∙ 𝑁
∑ ∑ 𝑦𝑘𝑠(𝑝, 𝑞)
2
𝑁
𝑞=1
𝑀
𝑝=1
 
(54) 
 
Entropy      
𝐻𝑠 =   
−1
𝑀 ∙ 𝑁
∑ ∑ 𝑦𝑘𝑠(𝑝, 𝑞)
2 ∙ log (𝑦𝑘𝑠(𝑝, 𝑞)
2)
𝑁
𝑞=1
𝑀
𝑝=1
 
(55) 
where s is the sub-band level, p and q are respectively the rows and columns of the image, M 
and N is the size of the image of the image and k indicates the detail or approximation. 
 
The first author to propose this approach was Livens et al. (1996) who used two wavelet based 
methods, i.e. conventional wavelet and wavelet packet, for the classification of corrosion 
images into pit-like and crack-like corrosion attack. The images were decomposed using 
wavelets and the energies of the obtained detail sub-images were calculated. The authors 
highlighted the fact that previous experiments, i.e. Laine & Fan (1993); Chang & Kuo (1993) 
had suggested that there was no significant gain in using other parameters than energy for 
texture description. The two selected texture features were defined as: (i) the total value of 
the detail sub-image energies, i.e. the sum of the energies of the sub-images in the horizontal, 
vertical and diagonal directions: 
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𝐸𝑡𝑜𝑡
𝑖 =
1
𝑀 ∙ 𝑁
∑ ∑ 𝐸𝑡𝑜𝑡(𝑚, 𝑛)
𝑁
𝑛=1
𝑀
𝑚=1
 
(56) 
where      𝐸𝑡𝑜𝑡(𝑚, 𝑛) = 𝐸𝐻(𝑚, 𝑛) + 𝐸𝑉(𝑚, 𝑛) + 𝐸𝐷(𝑚, 𝑛) 
and (ii) the anisotropy of the energy of the detail sub-images: 
𝑂𝑟𝑖𝑎𝑛𝑖 =
1
𝑀 ∙ 𝑁
∑ ∑ 𝑂𝑟𝑖𝑎𝑛(𝑚, 𝑛)
𝑁
𝑛=1
𝑀
𝑚=1
 
(57) 
where      𝑂𝑟𝑖𝑎𝑛(𝑚, 𝑛) =
1
𝑀 ∙ 𝑁
√(𝐸𝐻 − 𝐸𝑉)2 + (𝐸𝐻 − 𝐸𝐷)2 + (𝐸𝑉 − 𝐸𝐷)2 
Wang & Song (2004) used wavelet decomposition to investigate the relationship between the 
level of corrosion and corrosion features on zinc coupons subjected to atmospheric exposure. 
The energies of all the obtained detail sub-images were used to create a feature defined as the 
maximum energy difference among the sub-images: 
𝜆 = 𝑚𝑎𝑥{|𝐸𝐻3 − 𝐸𝑉3|, |𝐸𝐻3 − 𝐸𝐷3|, |𝐸𝑉3 − 𝐸𝐷3|} 
(58) 
where 𝐸𝑗3 are the energies of the horizontal (H), vertical (V) and diagonal (D) details of a 3-
level  decomposition. This feature appeared to increase with increasing corrosion loss.  
Han et al. (2012) used wavelet packet decomposition for the study of simulated atmospheric 
corrosion on steel coupons. Wavelet packet decomposition is a type of wavelet analysis 
where, unlike conventional decomposition in which only the Approximation at a certain level 
is used to move to the next level, both the Approximation and Detail are decomposed at a 
given level. This research used some optimal sub-images which fulfilled a minimum entropy 
criterion to define the feature, since, according to the authors, sub-images with smaller 
entropy have a more regular surface and are, hence, better descriptors. The used texture 
feature was the energy of the selected detail sub-images, which was found to increase with 
increasing corrosion level.  
Tao et al. (2008) used wavelet packet decomposition energies to investigate the effect of 
atmospheric corrosion on aluminium alloy coupons. The analysis was only carried out on 
selected image areas, namely the centre of the specimens. The individual analysis of the 
energy values at each sub-image yielded results contrary to those in the previously cited 
studies, i.e. the energy decreased with increasing time of exposure. The chosen texture feature 
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was the energy loss, 𝐷𝑗, defined as the difference between the energy of the uncorroded image 
and the sum of the energies of all the details at different levels: 
𝐷𝑗 =  𝐸0 − 𝐸𝑗 
(59) 
where Ej = EH1 + EV1 + ED1 + EH2 + EV2 + ED2 + EH3 + EV3 + ED3 in other words, the 
sum of the energies of the details at all decomposition levels (in this case equal to 3) and j =
 0, 1, 2, 3, 4 refers to the increasing duration for which specimens were exposed to 
atmospheric environment (e.g. 0 uncorroded, 1 for 207 days, etc.). This parameter was found 
to increase with an increase in exposure time. The authors attribute this to the protection given 
by the corrosion products in the early stage of exposure which inhibited the accelerated 
corrosion.  
Pidaparti et al. (2010) analysed the effects of early accelerated corrosion combined with 
cyclic stresses on metal alloy plates. They used wavelet packet decomposition to obtain a 
series of sub-images and calculate their entropy. Entropy values at different detail sub-images 
were used to classify images into no corrosion, cracks, pits and combination of pits and 
cracks. Entropy values were also related to stress levels.  
Tao et al. (2008) used a wavelet transform method for simulated atmospheric corrosion of 
aeronautical aluminium alloy samples. Images used in this research were taken before the 
corrosion products were removed. The energy levels of all sub-images were calculated and 
their features were calculated as  
𝑋 = 𝑀𝑎𝑥{|𝐸𝐻1 − 𝐸𝑉1|, |𝐸𝐻1 − 𝐸𝐷1|, |𝐸𝑉1 − 𝐸𝐷1|} 
(60) 
𝑌 = 𝑀𝑎𝑥{|𝐸𝐻2 − 𝐸𝑉2|, |𝐸𝐻2 − 𝐸𝐷2|, |𝐸𝑉2 − 𝐸𝐷2|} 
(61) 
𝑍 = 𝑀𝑎𝑥{|𝐸𝐻3 − 𝐸𝑉3|, |𝐸𝐻3 − 𝐸𝐷3|, |𝐸𝑉3 − 𝐸𝐷3|} 
(62) 
𝐸𝑖 =
𝐸𝐻𝑖+𝐸𝑉𝑖+𝐸𝐷𝑖
3
, i=1, 2, 3 
(63) 
𝑥 =
𝑋
𝐸1
 
(64) 
𝑦 =
𝑌
𝐸2
 
(65) 
Corrosion Characterisation based on Intensity and Texture Quantifiers 
   
                                                                                                                                                             133 
  
𝑧 =
𝑍
𝐸3
 
(66) 
where X, Y, Z are the maximal energy difference among the sub-images, 𝐸𝑖 is the average 
value of sub-image energies at i level wavelet decomposition, and x, y, z are the ratios of the 
maximal energy difference to the average value of sub-image energies. Different image 
processing areas were selected from the original image and it was observed that the difference 
of energy distribution between selected areas was limited in images with regular shape. A 
canonical correlation analysis was undertaken to understand the contributions of sub-image 
features to corrosion weight loss. Therefore, a new image feature, called weighted sum, was 
suggested: 
𝛿 =  𝐿1 ∙ 𝑥 +  𝐿2 ∙ 𝑦 + 𝐿3 ∙ 𝑧 
(67) 
The influence of simulated corrosion parameters (e.g. drying and wetting times, relative 
humidity, etc.) on this feature was also analysed.  
Guo-bin & Ting-ju (2011) used a method using wavelet packet transform and singular value 
decomposition for the analysis of early simulated marine corrosion of steel from a ship´s 
ballast tanks plate. Two parameters were chosen as texture features; these were calculated as 
the mean value and the variance value of the characteristic vector of the wavelet packet 
coefficients. The first feature reflected the size of the pixel gray values and was closely related 
to the development of surface corrosion therefore, the parameter value increased with the 
increase in corrosion of the surface. The second feature reflected the degree of fluctuation of 
pixel grey value and was closely related to the number and size of corrosion pits hence, the 
feature value increased with the increase in corrosion pits.  
Pidaparti et al. (2013) used a wavelet packet based approach to characterise early stage 
corrosion in stainless steel panels subjected to accelerated corrosion. The samples were 
subjected to three different corrosion-accelerating solutions. The texture features used for the 
discrimination of the resulting corrosion appearances were the entropy and energy of the 
obtained sub-images. The exact definition of the energy feature (i.e. whether the energies and 
entropies were calculate as a sum of the energies in the different details or corresponded to 
some distinctive details) was not explicitly mentioned. It was found that the energy features 
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generally decreased and entropy features generally increased with corrosion time and varied 
for different immersion solutions.  
A slightly different approach consists of including colour in the extracted wavelet-based 
features. Jahanshahi & Masri (2013) used an approach where they first divided the image into 
sub-images, then they transformed the sub-images to a colour space where each sub-image 
was represented by three colour channels which were again decomposed using wavelet 
transform and finally the features were computed using the wavelet coefficients to group 
corroded/non-corroded surfaces.  
It can be noted that previous studies used Detail sub-images as their basis for describing 
texture features. Although not explicitly explained, this is presumably because the authors 
detected a better ability on Detail sub-images to describe the distinctive morphology of 
corrosion. However, this aspect will be investigated using the current database of corrosion 
images in the following sections. 
4.3.4.5 Selection of the mother wavelet 
Previous studies show contradictory opinions on the importance of the choice of a wavelet 
basis for the decomposition of the images. Some authors stated there was little effect of 
wavelet basis on textural analysis results (Livens et al., 1997). Other studies suggest an 
important relation between wavelets and the results for different types of analysis, i.e. texture, 
compression, etc. Mojsilović et al. (2000) stated that the results of wavelet based texture 
extraction depend on a series of properties of the decomposition filters such as regularity, 
vanishing moments, degree of shift variance, orthogonality and linear phase. Livens et 
al.(1997) suggested that there was not a best wavelet basis for texture analysis as some 
wavelets would adapt better to some textures than others. In fact, the choice of mother wavelet 
for texture analysis varies widely in literature, with most studies on wavelet-based texture 
extraction providing no explanation.   
In this study, the Haar mother wavelet was used. This is a wavelet that has fairly good 
classification performance on wavelet-based texture analysis (Mojsilović et al., 2000) and 
offers the most straightforward interpretation. 
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4.3.4.6 Description of corrosion image decomposition 
In this research a two-dimensional dyadic wavelet transform is used. Due to the size of the 
image, the transformation consisted of five levels of decomposition, in which the wavelength 
of each level is double the size of the previous level. The decomposition of the images into 
Details and Approximations at different scales as well as the posterior analysis is undertaken 
using MatlabTM R2012a Wavelet Toolbox. In some studies, the orientation of the textures 
might be of interest, however, in the case of corrosion images it has been suggested that the 
directionality is not of importance (Livens et al., 1996) and therefore, horizontal, vertical and 
diagonal details are summed to obtain one Detail component for each sub-band. Therefore, 
for each bar there are six resulting sub-images (i.e. five Details and one Approximation) as 
depicted in Figure 4.19.  
A matter to take into consideration is the border effect. As aforementioned the two-
dimensional discrete wavelet transform is defined for images with dimensions of some power 
of 2 (i.e. dyadic basis) so when actual dimensions are not automatically compliant with this 
condition, image extension is needed. Methods for extending images include zero-padding, 
smooth padding, periodic extension and boundary value replication (symmetrisation). 
Moreover, when the transform is performed on finite dimension signals, border distortions 
arise.  In the present case, a symmetrisation technique was used. Symmetrisation introduces 
discontinuities of the first derivative at the border but has been found to be an effective 
method for most images (Misiti , 1996a). 
Although, as previously highlighted, current studies mainly use energy and entropy as 
features, other descriptors might be useful to discriminate corrosion images. For example, 
statistical moments could be a good quantitative measure of the distribution of the wavelet 
coefficients and are, therefore, included in this investigation. 
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Figure 4.19 Wavelet decomposition of a corrosion image 
First order statistics are calculated directly from the wavelet coefficients. As these measures 
do not take into account the relationships between neighbouring pixels, they represent a 
simple summary of the corrosion image. The most common statistics are given below: 
 
Mean:  measures the average corrosion depth in the image  
𝜇𝑠 =  
∑ ∑ 𝑦𝑘𝑠(𝑝. 𝑞)
𝑁
𝑞=1
𝑀
𝑝=1
𝑀 ∙ 𝑁
 
(68) 
Variance:  measures the dispersion or variability of the corrosion depths in the image.  
𝜎𝑠
2 =  
∑ ∑ (𝑦𝑘𝑠(𝑝. 𝑞) −  𝜇𝑠)
2𝑁
𝑞=1
𝑀
𝑝=1
𝑀 ∙ 𝑁
 
(69) 
Skewness:   measures the symmetry of the image’s probability distribution 
𝛾1 =
∑ ∑ (𝑦𝑘𝑠(𝑝. 𝑞) −  𝜇𝑠)
3𝑁
𝑞=1
𝑀
𝑝=1
𝑀 ∙ 𝑁 ∙ 𝜎𝑠2
 
(70) 
Kurtosis measures the peakiness/flatness of the image’s probability distribution.  
Original Image
Level 1 Detail
Level 2 Detail
Level 3 Detail
Level 4 Detail
Level 5 Detail
Decomposition of a Corrosion Image
Level 5 Approximation
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𝛾2 =  
∑ ∑ (𝑦𝑘𝑠(𝑝. 𝑞) −  𝜇𝑠)
4𝑁
𝑞=1
𝑀
𝑝=1
𝑀 ∙ 𝑁 ∙ 𝜎𝑠4
−  3 
(71) 
where s is the sub-band level, p and q are respectively the rows and columns of the image, M 
and N is the size of the image of the image and k indicates the detail or approximation. These 
are also the four first moments of the image’s intensity probability distribution.  
4.3.4.7 Application of wavelet analysis to corrosion surfaces 
 
As previously explained, the horizontal, vertical and diagonal details were summed to obtain 
one detail component for each sub-band. Thus, six sub-images are obtained from the 
decomposition of each corrosion image, i.e. 𝐷1, 𝐷2, 𝐷3, 𝐷4, 𝐷5, 𝐴5.  
Figure 4.20 to Figure 4.25 depict the mean, variance, skewness, kurtosis, energy and entropy 
values of the sub-images, i.e. five Details and one Approximation, for eight representative 
rebars with average corrosion degree in the range of approximately 2% to 20%.  
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Figure 4.20 Mean value analysis 
 
Figure 4.21 Variance analysis 
 
Figure 4.22 Skewness analysis 
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Figure 4.23 Kurtosis analysis 
 
Figure 4.24 Energy analysis 
 
Figure 4.25 Entropy analysis 
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From the observation of the sub-images it was noted that the Details contained the majority 
of the information related to localised corrosion, while Approximations were concerned 
mostly with generalised corrosion. Moreover, from the above figures, it can be observed that 
some trends appear in the data. The mean at the Detail sub-images is zero except for the Detail 
at level 5 where the value becomes negative. The difference in mean at this sub-image could 
be related to the fact that this Detail contains the “most detailed” part of the data, which would 
correspond to local corrosion. The mean at the Approximations, which contains most of the 
general corrosion depth data, has obviously the highest value. Variance and skewness at the 
different Detail sub-images and Approximations do not show a clear trend. However, it is 
observed that the skewness value is systematically over zero, i.e. most of the data is in the 
range of shallow corrosion depths, except for the Detail at level 5. This is consistent with the 
fact that data at low Detail levels and Approximation represent mostly shallow corrosion 
depths while the Detail at level 5 corresponds to deeper corrosion depths. Kurtosis values 
decrease with increasing Detail level, in other words, the peakedness of the data is larger at 
higher Detail levels. This can be explained by the fact that lower Detail levels contain “less 
detailed” data and hence more of it is related to general corrosion, i.e. flatter distribution of 
the data, while higher Detail levels contain “more detail” and hence more local corrosion, i.e. 
more peaked data. Energy values are close to zero for the Details and get higher for the 
Approximation. This is expected given that the energy is a measure of the information 
contained in the sub-image and most of the information in corrosion images is contained at 
the Approximation sub-image. Entropy tends to be close to zero for Details 1 and 2 and get 
higher for Details 3, 4 and 5 being highest for the Approximation. This is reasonable given 
that entropy measures the randomness of the input sub-images and these get more complex 
with increasing Detail level. . Moreover, these values are different for rebars corroded at 
different levels. To quantify the relation between the corrosion level and the investigated 
features, a sum of squared errors analysis was undertaken and summarised in Table 4.2. The 
errors are defined as the difference between the order statistics of the rebars based on their 
corrosion level and on their feature value.  This analysis confirmed that energy is the best 
feature to quantify texture for corrosion images, as suggested in previous studies. It is 
interesting to note that the variance, which has not been previously suggested as a quantifier 
for corrosion texture, also presents a low total error, hence also being an appropriate 
quantifier. The fact that there is no straightforward relation between corrosion level and 
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feature values can be seen as further indication of the complexity associated with the 
corrosion structure and its link with the overall corrosion level.  
Table 4.2 Squared sum of errors for texture feature selection 
Sub-image 
 Squared sum distances 
Mean Variance Skewness Kurtosis Energy Entropy  
Detail level 1 27222 5046 23614 22310 5046 19286  
Detail level 2 27578 5050 21550 31242 5050 0  
Detail level 3 29266 5536 18700 26642 5536 17646  
Detail level 4 29066 6738 12250 19382 6738 11594  
Detail level 5 34144 12568 21438 21192 12858 13028  
Approximation level 
5 
5280 10496 18276 23528 5238 
6956 
 
Total squared sum 
distances 
152556 45434 115828 144296 40466 68510  
 
Once the energy was confirmed as a good quantifier for corrosion texture, the contribution of 
each of the energies of the different sub-images on the description of corrosion level was 
assessed using multiple regression analysis (see Appendix B). Table 4.3 contains the value of 
adjusted 𝑅2 and the estimated coefficients, 𝛼𝑖, were i = 1, ... ,5 are the levels of the Detail 
sub-images. It is observed that there is only one significant contributor to the description of 
corrosion level at a 95% confidence level, i.e. p-value higher than 0.05, the energy at the third 
level Detail. Hence, the energy at this level could be used in isolation to evaluate the 
relationship between energies from the wavelet-based sub-images and the corrosion level (see 
Table 4.3). However, this cannot be generalised for data other than that presented in the 
current study.  
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Table 4.3 Multiple regression analysis of relationship between sub-images and corrosion 
level 
Multiple Linear 
Regression 
Coefficient estimates 
Individual p-
values 
𝑅2̅̅̅̅ = 0.7 
p-value (fit)= 0 
 
𝑎0 (Intercept) 3.1 0 
𝑎1 (Energy level 1) 398.8 0.30 
𝑎2 (Energy level 2) -154.0 0.63 
𝑎3 (Energy level 3) 270.9 0.04 
𝑎4 (Energy level 4) 35.1 0.58 
𝑎5 (Energy level 5) -45.6 0.53 
Single Linear Regression 
𝑅2̅̅̅̅ = 0.68 
p-value (fit)= 0 
 
𝑏0 (Intercept) 3.2 0 
𝑏3 (Energy level 3) 311.5 0 
 
4.3.5 Analysis of spatially continuous data 
Spatial data analysis is used to characterise the nature of spatial variation in terms of an 
attribute. Methods for spatially continuous data can be used for area data, such as pixel 
images. This approach was considered relevant for this research as it could provide additional 
information about the spatial structure of corrosion.  
Two types of spatial process properties can be studied: (i) first order properties, or mean 
descriptors, and (ii) second order properties or descriptors of the spatial dependence. Kernel 
estimation is the most frequently used method for studying first order effects, while, for 
second order effects, autocorrelation is typically used (Bailey & Gatrell, 1995). This section 
will investigate these methods for the characterisation of corrosion structure.  
4.3.5.1 Kernel estimation 
Kernel estimation defines how the mean value of the attribute of interest, i.e. corrosion depth, 
varies across the region of study, i.e. the corroded surface. It provides a means of accounting 
for spatial structure around a certain data point, which can be of special interest in relation to 
critical points. As has been previously discussed, in the case of the corroded rebars, critical 
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points traditionally correspond to maximum corrosion depths and minimum cross-sectional 
areas. However, the joint effect of points creating a “critical area”, i.e. the surface over which 
there is critical material loss both at randomly located areas or at stretches along the surface 
of the rebars, has not been addressed so far, although it seems logical that not just a single 
point but a neighborhood of points within a certain critical zone are influential to the loss of 
strength and ductility of a corroded rebar. Therefore, it was deemed necessary to analyse how 
critical areas are structured and estimate their extent in order to be able to predict their 
influence on the reduction of mechanical properties.  
Kernel estimation uses each of the observations 𝑦𝑖 in the area of study and their associated 
location 𝑠𝑖 to estimate the mean ?̂?(𝑠) at a general point s as: 
 ?̂?(𝑠) =
∑ 𝑘 (
(𝑠−𝑠𝑖)
𝜏
) ∙ 𝑦𝑖
𝑛
𝑖=1
∑ 𝑘 (
(𝑠−𝑠𝑖)
𝑇
)𝑛𝑖=1
 
 
(72) 
where 𝑘( ) is the kernel function and 𝑇 > 0, known as bandwidth, corresponds to the radius 
of a window centred on s containing the different neighbouring points 𝑠𝑖. The region of 
influence within which observations contribute to ?̂?(𝑠) is inside the window.  
Kernel estimation method is basically a moving average process. The concept of moving 
average is commonly used in Image Analysis for the elimination of noise. Moving average 
helps simplifying the structure of these images by replacing the value of each pixel by the 
average of the pixel values in a window centred on the pixel. The smoothing of the function 
means that higher frequency components are removed, i.e. moving average acts as a filter that 
reduces the noise but also blurs the edges of the objects in the image.  
A factor to consider is the shape of the window which will have an influence on the results. 
In this research, two window shapes, circular and stripe, have been analysed (see Figure 4.26 
and Figure 4.29).  
Circular window  
 
For this type of window, the bandwidth defining the size of the window region is the radius 
r. Examples of different radius have been plotted in Figure 4.26 for illustration purposes. If, 
for example, the mean for a window of radius r = 3 mm was required, all the observations 
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located at distances smaller than 3 mm from the centre point (all the shaded points in the 
figure) would contribute to the calculation of the mean at that point. 
To better appreciate the effect of kernel estimation on the surface of corroded bars, Figure 
4.27 presents a sequence of increasing window sizes for a representative rebar up to a 
maximum radius r = 10 mm to appreciate the effect of window size on kernel estimation. 
 
 
 
 
 
 
 
 
 
Figure 4.26 Circular window for a maximum radius r = 3 mm 
          
Figure 4.27 Moving average for rebar 11.5 at window radius r = 1 mm to r = 10 mm 
If, as discussed before, the focus is on the maximum mean value of the corrosion depth, 
?̂?(𝑠𝑚𝑎𝑥𝑑𝑒𝑝𝑡ℎ), a variation with increasing window size can be plotted (Figure 4.28).  In order 
to perceive the effect of varying bandwidth at different corrosion levels, bars were divided 
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into four groups according to their percentage mass loss: (i) higher than 10%, (ii) 5 to10%, 
(iii) 3 to 5% and (iv) less than 3%.  
It was observed that the maximum mean value at that point decreased rapidly for window 
radius smaller than 10-15 mm reaching then a plateau.  This indicates that corrosion depths 
within the 10-15 mm distance are highly correlated to the maximum corrosion depth. This 
could also be considered as a rough indicator of the size of the maximum pit depth.    
 
Figure 4.28 Maximum value of the mean as a function of window radius (mm) using a 
circular window 
Stripe window 
 
Stripe window is not a window in the usual sense of the word but each of the stripes represents 
a cross-section of the corroded rebar. By analysing the change of maximum mean with 
varying window size the pattern followed by the area of minimum cross-section, i.e. of 
maximum average depth over a cross-section, can be better understood. 
Figure 4.29 presents examples of different distances from the central stripe (d = 0). If the 
moving average for a window size with distance d = 3 mm is wanted, all the stripes at 
distances smaller than 3 mm at both sides of the central stripe will be used for the calculation 
of the mean value. The variation of the maximum mean value with window size can be 
observed in  
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Figure 4.30. 
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Figure 4.29 Stripe window for a maximum distance d = 3 mm 
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Figure 4.30 Moving average for rebar 11.5 at window sizes for distances d = 1 mm to d 
= 10 mm 
When a stripe shaped window was selected, the maximum mean was found to be rather 
constant (Figure 4.31). Hence, the use of a stripe window does not seem to yield aditional 
information on the study of the maximum loss of section.  
 
Figure 4.31 Maximum mean of corroded bars as a function of Window Size using a 
stripe shaped window 
4.3.5.2 Spatial Autocorrelation 
The calculation of the global autocorrelation of an image is a widely used method to 
characterise image texture (Selvarajah & Kodituwakku, 2011; Srinivasan & Shobha, 2008). 
It is useful to define the regularity of the image texture as well as its fineness/coarseness 
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(Tuceryan & Jain, 1998). However, this type of analysis only provides one statistic for the 
whole image, assuming homogeneity over the two-dimensional signal. On the contrary, local 
autocorrelation techniques have not been widely exploited in textural analysis context. 
The most widely used measure for local autocorrelation is local Moran’s I. Moran´s I is a 
Local Indicator of Spatial Association (LISA). This class of statistics have a twofold purpose: 
they serve as indicators of local non-stationarity and they can identify outliers of the global 
variable (Anselin, 1995). This makes them suitable for the study of corrosion images, and are 
used herein in order to get information about the pattern around the critical (maximum depth) 
point. 
Local or windowed Moran´s I can be mathematically defined as  
𝐼𝑖 =
𝑁
∑ ∑ 𝑊𝑖𝑗
𝑗=𝑚
𝑗=1
𝑖=𝑛
𝑖=1
∑ ∑ 𝑤𝑖𝑗(𝑥𝑖 − ?̅?)(𝑥𝑗 − ?̅?)
𝑗=𝑚
𝑗=1
𝑖=𝑛
𝑖=1
∑ (𝑥𝑖 − ?̅?)2
𝑖=𝑛
𝑖=1
 (73) 
where 𝑁 is the total number of pixels in the image, 𝑥𝑖 and  𝑥𝑗 are the values of each of the 
pixels inside the window,  ?̅? is the mean pixel value inside the window, 𝑤𝑖𝑗  is a weighting 
factor depending on the distance between pixels and 𝑛and 𝑚 are the total number of elements 
on the longitudinal and angular direction of the rebar image. 
For simplicity, the previous equation can be expressed in matrix notation as: 
𝐼 ≡
𝑍´ ∙ 𝑊 ∙ 𝑍
𝑍´ ∙ 𝑍
 
(74) 
where Z is the normalized pixel value by mean and standard deviation and 𝑤𝑖𝑗 is normalized 
by row.  
The variation of iMoran with increasing window radius, ranging from 0 to 10 mm, is shown 
in Figure 4.32.  
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Figure 4.32 Spatial Autocorrelation for rebar 11.5 at window sizes d = 1 to d = 10 mm 
The targeted value, i.e. the maximum spatial autocorrelation around corrosion depths, is again 
dependent on the size of the selected window.  Figure 4.33 depicts the variation of the 
autocorrelation coefficient with varying window sizes for rebars corroded at different levels. 
Similarly to the previous section, results were divided into four groups according to the degree 
of corrosion in the rebars so that this effect could be assessed as well. Observing the results, 
spatial dependence around corrosion depths occurs at points within a distance of around 8 
mm from the point. For larger distances, spatial dependence reaches a plateau and could be 
considered negligible. It was also observed that in this case, unlike what happened with the 
mean, there was no visually detectable relationship between autocorrelation and corrosion 
level.  
 
Figure 4.33 Moran’s I at point of maximum corrosion depth as a function of window 
size for rebars corroded at different levels 
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4.4 Summary and conclusions 
This chapter has dealt with the characterisation of spatial distribution or pattern of corrosion 
using intensity and texture quantifiers. The main conclusions from this chapter are: 
 Surface-metrological based parameters and image analysis-based features can be used 
to investigate the corrosion structure of corroded rebars. 
 The evaluation of a selection of surface metrology-based parameters found that 
aspects such as the skewness and the kurtosis of the distribution of the corrosion 
depths, the directionality, or some aspects of the functionality of the corroded surfaces 
are independent of corrosion level. This confirms that rebars with similar corrosion 
levels might exhibit quite different spatial patterns of corrosions, even where 
corrosion is generated in a laboratory setting.  
 For image only-based corrosion studies, wavelet-based image analysis methods are 
proposed in this study for the extraction of features to quantify corrosion pattern. By 
undertaking this type of analysis, it was found that both the energy and the variance 
of the resulting Detail sub-images are directly related to the average corrosion level 
of the rebars.  
 First and second order statistics, i.e. kernel estimation and autocorrelation, can be used 
to analyse corrosion as a spatial process. It was found that the maximum corrosion 
depth over a certain analysis window, in this case with a circular or stripe shape, is 
highly related to the average corrosion level on the rebar. Results using a circular 
window appeared to give a rough estimate of the area of the maximum depth pit (a 
circular area of approximately 5 mm radius) while those using a stripe window did 
not appear to furnish any additional information. The autocorrelation analysis showed 
that there is no apparent relationship between the maximum spatial dependence 
around corrosion depths and the average level of corrosion. However, it was found 
that the maximum dependence in all cases appears at points within a distance of 
approximately 8 mm from any point.    
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5. Corrosion Characterization using 
Shape Features: Segmentation Analysis 
 
5.1 Introduction 
Corroded rebars have a complex structure formed of general corrosion and local corrosion 
defects, also called pits. It seems useful to characterize aspects of corrosion in terms of pits, 
e.g. their average size and number. However, “pits” are not the unit of the measurement 
system employed in this research; instead, corrosion depth is measured at specific locations 
through pixel intensity. Moreover, pit characteristics cannot be readily extracted from 
corrosion data, since an objective definition of what constitutes a pit is not available. This 
chapter presents a variety of computational pre-processing techniques that can potentially 
provide an objective and workable definition of a pit and, hence, form the basis for further 
pit-centred analysis.  
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Visual analysis of the corrosion images has shown that analysing corrosion images on the 
basis of the number of pits is problematic: although an archetypical pit can be readily 
identified, many corrosion defects have more complex structure, for instance they may take 
the form of rings, be elongated or closely clustered, thus making it difficult to determine 
where one pit starts and another one ends. As will be seen below, an objective and repeatable 
analysis of pit features requires segmentation based pre-processing.  
This chapter is structured as follows: first, the concept of segmentation is introduced and the 
problem of segmenting corrosion images is described. Literature suggests that different 
segmentation techniques will yield different results and this chapter will investigate the 
application of three techniques on corrosion images: global thresholding, multi-spectral 
thresholding and watershed-based thresholding algorithm. The following sections describe 
the principles of these three techniques and their application to corrosion images for pit 
definition. After post-processing of the segmentation results, the delimited pits obtained are 
analysed to explore their characteristics, i.e. area and volume, in terms of the distribution 
functions for surface area and volume of the pits.  
5.2 Segmentation applied to corrosion images 
5.2.1 What is segmentation? 
The delimitation of pit features requires an analysis based on image segmentation. Image 
segmentation is the main tool in the analysis and pattern recognition of shape features of 
image data. It can be defined as “the process of dividing an image into different regions such 
that each region is, but the union of any of two adjacent regions is not, homogeneous” (Cheng 
et al, 2001) or, in other words, groups of contiguous pixels that according to some criterion 
share a common property that is distinct from neighbouring properties. Mathematically, 
segmentation can be defined as follows: if F is the set of all the pixels and P( ) is a 
homogeneity predicate defined on groups of connected pixels, the segmentation is a 
partitioning of the set F into a set of connected subsets or regions S such that: 
⋃ Si = F
n
i=1    with    Si ⋂ Sj =  Ø ,  i ≠ j (75) 
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The homogeneity predicate  is basically an abstract function which returns true when the 
region is homogeneous, P(Si) = true for all regions  Si, and false otherwise, P(Si ⋃ Sj) = false, 
for all Si ≠ Sj(Pal & Pal, 1993). 
Manual segmentation allows the engineer to identify different areas in the image with a 
certain precision but it is subjective and time-consuming. Automatic segmentation is, 
therefore, preferable as it provides faster and more repeatable results. However, the 
automation of segmentation method to simulate the human system presents certain 
challenges, the main being image data ambiguity and noise (Sonka et al., 2008). In the case 
of the “images” obtained in this research, noise is not considered as a major issue. However, 
image data ambiguity is a real problem on corrosion images due to diverse shapes that 
corrosion attack can take and the lack of a clear pit definition. 
As discussed in chapter 4, segmentation, as one of the available methods for image analysis, 
can be regarded as a bridge between low-level vision, i.e. the acquisition and pre-processing 
of the image,  and high-level vision, i.e. the interpretation of the information contained in the 
image  (Spirkovska, 1993); hence, it can be considered as part of a middle vision level. There 
are numerous different techniques available for image segmentation. A widely used 
classification divides segmentation methods into three main groups: thresholding (a.k.a. 
clustering), region detection and edge detection. Thresholding processes extract objects based 
on their intensity values by setting pixels with intensities above a certain threshold to one 
value and the rest of the pixels to another value. Region-detection methods extract sets of 
pixels with similar properties from the image. Object boundaries in an image normally 
produce intensity changes, namely edges, which are the sign of lack of continuity. Edge-
detection techniques identify those changes. While edge-detection methods aim to find 
borders between regions, region-detection methods extract regions directly. A complete 
review of edge detection techniques can be found in Senthilkumaran & Rajesh (2009) while 
a deeper insight into region and thresholding based methods can be obtained in Kim & Kim 
(2003) and Pal & Pal (1993). The methods used in the present study are based on thresholding 
and region-detection principles. 
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5.2.2 Segmentation of corrosion images 
Corrosion structure comprises two different effects of corrosion, general and local loss of 
material. The main difficulty in delineating the defects lies in the fact that these two effects 
are intertwined, for example, the generalised effect does not exhibit a constant thickness 
(Figure 5.1a) but varies along the length of the bar (Figure 5.1b). Moreover, the ranges over 
which the depth of corrosion extends vary substantially for different corrosion levels. This 
can be observed from the longitudinal profiles of the representative rebars 2.6 (7.1% average 
corrosion loss) and 9.3 (18.3%), shown in Figure 5.1c and Figure 5.1d respectively. The graph 
for the first bar, which shows its surface after corrosion, contains areas where no corrosion 
can be detected and areas where the generalised corrosion reached a depth of approximately 
0.5mm. The graph for the second, substantially more corroded bar, presents a corroded 
surface that has lost material all through, with a corroded surface ranging between 0.5 mm 
and 1 mm depth below the original non-corroded surface.  
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(d) 
Figure 5.1 (a) and (b) Possible scenarios for relative extent of localised to generalised 
corrosion and (c) and (d) longitudinal profiles of two rebars with different levels of 
generalised corrosion, 2.6 (7.1% average corrosion level) and 9.3 (18.3%) 
 
As a first approach, a global thresholding method was selected for the segmentation of 
corrosion images. This method uses a single threshold for the whole image, where values 
above and below the threshold are classified in one of two possible categories; in the case of 
corrosion images these categories are: pits and general corrosion. However, the 
aforementioned variability of the general corrosion thickness represents an issue for this 
approach, as the superficial opening of different pits might be located at different depths from 
the original non-corroded surface. To overcome this limitation, two other methods are 
proposed. Watershed algorithm, which focuses on the delineation of basins as an analogy to 
catchment basins in hydrology; this is a more refined method since it can extract pit basins, 
independently of where their opening is. Finally, a simile can be made between the 
superposition of different types of corrosion on a surface and the multiple frequencies 
composing the spectrum of a signal, as highlighted in the wavelet-based analysis presented 
in Chapter 4. Corrosion can be considered as a multispectral process and hence the use of 
multispectral thresholding is one of the methods investigated in this chapter. This method 
enables segmentation in multiple spectral channels and fusion of results to obtain a single 
global segmentation. This is especially interesting, since defects of different sizes might be 
more detectable within certain spectral channels compared to others. 
5.3 Global threshold-based segmentation 
Thresholding is the simplest and one of the most frequently used techniques in image 
segmentation. Two main types of thresholding can be used: soft thresholding, where 
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coefficients above the threshold are shrinked, and hard thresholding, where coefficients are 
kept if they are above the threshold or otherwise set to zero. Mathematically these can be 
defined as 
𝑔(𝑖, 𝑗) = {
𝑓(𝑖, 𝑗) − 𝑇  𝑓𝑜𝑟𝑓(𝑖, 𝑗) ≥ 𝑇
0                 𝑓𝑜𝑟𝑓(𝑖, 𝑗) < 𝑇
            (Soft thresholding) 
𝑔(𝑖, 𝑗) = {
𝑓(𝑖, 𝑗)        𝑓𝑜𝑟𝑓(𝑖, 𝑗) ≥ 𝑇
0                𝑓𝑜𝑟𝑓(𝑖, 𝑗) < 𝑇
            (Hard thresholding) 
where 𝑇is the threshold, 𝑓(𝑖, 𝑗) the pixel values in the original image and 𝑔(𝑖, 𝑗)the pixel 
values after thresholding. It can be seen that thresholding segments the information in the 
image into different regions according to their relative position with respect to the threshold. 
For corrosion images, a hard thresholding approach is used. A pit for a certain threshold is 
defined at the intersection between the corroded surface and the thresholding plane. Pixels 
representing corrosion depths above this threshold are considered to be part of a pit and pixels 
below this level are not. Subsequently, groups of contiguous pixels that are classified as 
belonging to a pit are taken as a single pit. 
The choice of an adequate threshold is fundamental for the correct segmentation of an image. 
Threshold detection methods have been developed to automatically select the threshold level. 
Automatic thresholding techniques can be roughly divided into global and local thresholding. 
Global thresholding, which uses one threshold for the whole image, has sometimes been 
considered as a poor approach as different parts of the image might contain different intensity 
variations. This is the case for colour images, where colour intensity and distance to a 
reference surface, i.e the observer, are not directly related, thus making it difficult to extract 
elements with different colours simultaneously. However, this is not an issue for corrosion 
images, where colour intensity represents distance to the original non-corroded surface. 
Local methods, on the other hand, adapt the threshold value on each pixel to the local image 
characteristics (Sonka et al., 2008), which is not appropriate for the images considered herein. 
One of the most common approaches for global threshold determination relies on the 
histogram of pixel intensity values. If this is bimodal, i.e. it has two distinctive peaks, the 
threshold is easily set between the local maxima. However, if the histogram is multimodal, 
i.e. multiple peaks, multiple thresholds can be determined between any two maxima. A very 
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interesting and detailed review of methods for threshold detection can be consulted in Sahoo 
et al. (1988). More generally, threshold selection may not be straightforward due to the fact 
that one single “optimum threshold” does not really exist. It is important to understand that, 
when selecting a threshold for corrosion image segmentation, interest lies in identifying 
defects for a single rebar but also in extracting information that can be comparable between 
bars with different levels of corrosion. Therefore, a study on the influence of threshold level 
on the pit identification was performed, as described in the following section. 
5.3.1 Effect of threshold level in pit definition 
The choice of threshold level in the global thresholding method affects the number of pits 
that are identified and their respective sizes (See Figure 5.2). In this example, threshold t1 
defines four pits, namely d1, d2, d3 and d4; threshold t2 defines two pits, d5 and d6; threshold 
t3 defines pit d7 and threshold t4 defines no pits. Hence, the seemingly arbitrary decision of 
threshold level can clearly affect the outcomes of this segmentation method.   
Kleiner et al. (2013), while studying the corrosion of iron pipes, overcame the problem of a 
subjective threshold level by determining the number of pits as a function of the threshold 
level. When this approach is applied to the images studied herein, due to the generalised loss 
of section, the number of pits is zero for a threshold t=0, as all the surface is over the threshold. 
That means every pixel in the image belongs to the same “pit”. Initially, the number of pits 
increases with increasing threshold depth, until a peak point is reached beyond which the 
number of pits starts to decrease. This decrease ends when every pixel is below the threshold. 
This aspect was not present in Kleiner et al. (2013) data  given that their corroded surfaces 
presented a different spatial configuration, i.e. corrosion was composed exclusively of pitting 
corrosion and no general corrosion was present. Thus, they reported higher threshold depths 
always resulting in lower number of pits.   
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Figure 5.2 Global Thresholding for pit description 
The effect of threshold level on segmentation outcomes is illustrated for one of the corrosion 
images in Figure 5.3. It confirms that the corrosion images are sensitive to the specified 
threshold level. To understand its effect, the number of pits corresponding to different 
thresholds was analysed.  
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(c) Threshold depth = 0.4 mm (h) Threshold depth = 0.6 mm 
  
(d) Threshold depth = 0.8 mm (i) Threshold depth = 1.0 mm 
  
(e) Threshold depth = 1.2 mm (j) Threshold depth = 1.4 mm 
Figure 5.3 Thresholding-based segmentation of bar 7.4 (top) at 0.2 mm intervals 
The resulting pit counts “curve” contains significant information on the structure of corrosion. 
It is important to understand how this curve varies for different rebars and its relationship, if 
any, with corrosion level. The selection of an interval needs to be sufficiently small such that 
a decrease in interval does not substantially alter the pattern. In the present database different 
intervals were investigated and it was found that those equal to or below 0.2 mm were capable 
of retaining the main information related to pit counts (see Figure 5.4). 
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(c) (d) 
Figure 5.4 Pit count curves for five representative bars at intervals between thresholds: 
(a) 0.4mm, (b) 0.2mm, (c) 0.1mm, (d) 0.05mm 
Figure 5.5 shows the pit count curve for all the rebars, thresholded at an interval of 0.2mm. 
Rebars were divided into four groups according to their degrees of corrosion, in increasing 
order: (i) blue , (ii) green, (iii) cian and (iv) red, corresponding to corrosion degrees lower 
than 3%, between 3% and 5%, between 5% and 10%  and higher than 10% respectively. The 
curve peaks for all the rebars, indicating the depth at which the number of pits becomes 
maximum, are all located at values lower than 1mm. It can be seen that, although some trend 
can be observed in the pit structure of the rebars at different corrosion levels, i.e. location of 
the maximum peak and general shape of the curve, there are also some outliers.   
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(c) (d) 
Figure 5.5 Pit Count for all the rebars at thresholded at an interval of 0.2mm 
These outliers can be better inspected in Figure 5.6. The representative rebars (a) 3.3, with a 
6% average corrosion level, (b) 2.3, with 5.4%, (c) 1.13, with 8% and (d) 9.1, with 13.4% are 
a clear example that similar corrosion levels, such as those shared by rebars 3.3 and 2.3, do 
not necessarily lead to similar pit count curves. On the other hand, bars with very different 
corrosion levels, such as 3.3, 1.13 and 9.1 may present a higher similarity in their pit count 
curves. The fact that the evolution of the number of pits on the surface of corroded rebars 
cannot be fully explained by the overall corrosion level indicates that other attributes, such as 
the area and volume of the extracted pits, play a part. These two attributes are analysed in 
sections 5.3.2 and 5.3.3.  
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(a) (b) 
  
  
(c) (d) 
Figure 5.6 Pit Count for bars (a) 3.3 (6%), (b) 2.3 (5.4%), (c) 1.13 (8%) and (d) 9.1 
(13.4%) 
5.3.2 Probability distribution function for the surface area of pits 
Section 5.3.1 showed that the global threshold based segmentation analysis has potential for 
the characterisation of corrosion as it exposed a variability in corrosion structure that can be 
confirmed visually. Following Kleiner et al. (2013), a good approach to capture corrosion 
pattern appears to be the modelling of probability distributions of pit properties such as area 
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and volume. In this section, the probability distribution of surface area of pits will be 
analysed.  As an extension to this previous study and in order to adapt the method to the 
current objectives, the relationship of these distributions with corrosion level will be assessed.   
As highlighted earlier, a single threshold value for all the bars cannot be used when the range 
of corrosion is wide and the outputs need to be compared; however, in the current study, 
where the range is between approximately 2 and 18%, a band of threshold values between 0 
and 1 were analysed at an interval of 0.2mm. It was found that thresholds equal or lower than 
0.2mm and equal or higher than 0.8mm left some of the corroded rebar surfaces completely 
over or below the threshold. That is, low thresholds were not suitable for highly corroded bars 
and high thresholds were, in the same way, not adequate for bars with lower corrosion levels. 
Therefore, thresholds equal to 0.4 and 0.6 mm are believed to be appropriate for this analysis.   
After thresholding the corrosion images, different probability distributions were fitted to the 
observations of pit areas. The goodness of fit was assessed using a chi-square test. For both 
threshold values it was found that the lognormal distribution best fitted the pit area 
distribution. For illustrative purposes, Figure 5.7a presents the empirical probability 
distribution of a representative rebar, namely rebar 11.5 with a 4% corrosion level and the 
lognormal, Weibull and exponential fits for a threshold level t=0.4mm. Figure 5.7b presents 
the corresponding probability distribution for the lognormal fit, together with the 95% 
confidence interval bounds. It can be observed that the sample values are consistently located 
inside the prediction bounds which confirm the ability of the lognormal distribution to 
represent the distribution of pit areas at a given threshold with a good confidence level.  
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Figure 5.7 Probability and cumulative probability distributions of the area of the pits 
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In order to understand the influence of corrosion on the pit area distributions, the correlation 
between the model parameters, 𝜇and 𝜎, and the corrosion level was analysed using regression 
analysis. The quality of the fitted relationship between model parameters and corrosion level, 
was assessed using the coefficient of determination (𝑅2) which is explained in Appendix B. 
The results of the regression are depicted in Figure 5.9. Results suggested that for the two 
thresholds the relationships between the model parameters and the corrosion level were best 
represented by an exponential trendline, i.e. 𝜇 = 𝑎 ∙ 𝐶𝑜𝑟𝑟(%)𝑏 and 𝜎 = 𝑐 ∙ 𝐶𝑜𝑟𝑟(%)𝑑, when 
compared to other trendlines such as linear (although the results were not dissimilar). The 
results from the correlation analysis showed a strong correlation between corrosion level and 
𝜎 at threshold t=0.4 mm (𝑅2 = 0.767) indicating an increase in the variation of the data with 
level of corrosion. In contrast, weak correlation was found between the level of corrosion and  
𝜎 at threshold t=0.6 mm (𝑅2 = 0.24). Moreover, when analysing the effect of corrosion on 𝜇 
it was found that it was only weakly related to the level of corrosion for threshold t=0.4 mm 
(𝑅2 = 0.32) while for threshold t =0.6 mm no relation was found. This is mainly due to the 
high variability of pit areas with some corroded bars presenting defects with more elongated 
shapes, similar to cracks and others having the more standard circular pits.  In order to 
appreciate this visually, the thresholded corrosion images of four bars with overall corrosion 
levels of  6% (4.6), 5.9% (8.3), 3.2% (6.2) and  3.1% (8.4) at a t = 0.4mm are depicted in 
Figure 5.8. It can be seen that pairs of rebars with similar levels of corrosion, e.g. bars 4.6 
and 8.3 versus bars 6.2 and 8.4, do not have similar appearances. However, there are 
similarities between different corrosion levels. This is an interesting observation, since it 
confirms that defect shapes, as defined using this approach, are not mainly related to the level 
of corrosion but are influenced significantly by the intrinsic variability of the corrosion 
geometry. 
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(a) (b) 
  
(c) (d) 
Figure 5.8 Comparison of corrosion defect areas for rebars with same corrosion degree 
(a), rebar 4.6, (b) rebar 8.3, (c) rebar 6.2 and (d) rebar 8.4 at t=0.4mm 
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(a) (b) 
  
(c) (d) 
Figure 5.9 Regression analysis of the area probabilistic model parameters, 𝝁 (right) and 
𝝈 (left) at thresholds t=0.4 (a, b) and 0.6 (c, d) 
5.3.3 Probability distribution function for the volume of pits 
As discussed in section 5.2.1, an analysis of the distribution of the volume of the pits at 
different threshold levels is undertaken in the present section. The volume of each pit at a 
certain threshold t was estimated as the void between the original non-corroded surface and 
the corroded surface over the pit area as defined in section 5.2.2 (see Figure 5.10). The 
previously used thresholds, namely t = 0.4 and 0.6 mm, were also used here.  
 
Figure 5.10 Schematic description of Computed Void Volume 
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As in the area analysis, Weibull, lognormal and exponential distributions were fitted to the 
observed data and a chi-square test was used to assess the goodness of fit. It was found that 
the lognormal distribution offered, once more, the best fit to the data and that the goodness 
of fit increased with increasing threshold depth. Figure 5.11a depicts the probability 
distribution together with the weibull, lognormal and exponential fits for a representative 
rebar (11.5) with 4% corrosion level. Figure 5.11b shows the corresponding cumulative 
probability distribution for the lognormal fit and the 95% confidence bounds, both at a 
threshold t=0.4mm.  
  
(a) (b) 
Figure 5.11 Probability and cumulative probability distributions of the volume of the 
pits for a threshold t=0.4mm 
The regression analysis between the obtained model parameters and the corrosion level 
yielded very similar results to those previously discussed for the area distribution (see Figure 
5.12). Again the exponential distribution was found to best model the relationship and the 
strongest correlation was found with the 𝜎at threshold t=0.4 mm (𝑅2 = 0.768) implying a 
higher variability of pit volumes at higher overall corrosion levels. Weak correlation with 
corrosion level was found for the other volume distribution parameters at the two thresholds. 
These results suggest that the average mass-volume loss is influenced jointly by localised loss 
of material at pits and generalised loss over the whole surface, without localised corrosion 
exerting a predominant influence on this quantity.  
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(a) (b) 
  
(c) (d) 
Figure 5.12 Regression analysis of the volume probabilistic model parameters at (a, b) 
t=0.4 mm and (c, d) t=0.6 mm 
5.4 Watershed-based segmentation 
In the field of image processing images can be considered as topographic reliefs where pixel 
value represents an elevation. The local minima and their areas of influence can be regarded 
as catchment basins similar to those found in engineering hydrology. These, by definition, 
are comprised of all points that drain to a common body of water. Watershed segmentation is 
an algorithm based on the basin concept and used to extract basins and watersheds (i.e. lines 
that divide catchment basins) from images. Figure 5.13 illustrates a one-dimensional example 
of the watershed segmentation. 
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Figure 5.13 One-dimensional example of watershed segmentation 
There are two main methods for implementing watershed segmentation. The first one is called 
the toboggan or drainage approach. It finds the draining path for each point on the surface (or 
pixel of the image) to a local minimum. Catchments basins are subsequently defined as the 
set of pixels whose draining paths end up in the same minimum. The second approach is 
visually easier to understand. It is called the immersion approach due to the flooding analogy 
normally used. It is supposed that a hole is pierced in each of the local minima and then the 
surface is slowly immersed in water. The water will start filling all the basins with minima 
under the water level. When two basins are to merge due to the water level rise, a “dam” is 
built to the highest surface altitude. That dam represents the watershed line (Vincent & Soille, 
1991). Both methods have been found to yield very similar results.  
In this study, the first implementation of the watershed algorithm was selected and therefore, 
a basin consists of all the points in the corroded surface which, in the presence of a certain 
liquid, would “drain” to a common point. Simplistically, it could be said that a corrosion basin 
is equivalent to a pit or localized corrosion attack; however, the problem is more complex. 
This is because the watershed algorithm quite frequently produces an over-segmentation of 
the image, yielding segmented regions that are not obvious from visual observation. In the 
present case, over-segmentation was mainly caused by the slightly granulated finish left by 
corrosion along the surface of the rebars (see Figure 5.14). These “granules”, with a depth of 
the order of 0.1 mm, are barely detectable visually and should not be counted as real pits 
Figure 5.15 depicts an example of the over-segmentation produced by the watershed 
algorithm on a representative rebar, rebar 1.13 (7.9% corrosion level). Hence, when using 
this segmentation approach the two classes of interest are pits and background surface. In 
order to separate these regions, the definition of each class needs to be established. However, 
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background general corrosion can vary from a uniform to a rather patterned structure, while 
pits are impossible to define without any shape, size or depth criteria. To overcome the 
problem of over-segmentation a series of methods can be used including filtering and markers 
(Beucher, 1992). Herein, a threshold approach will be used to separate basins corresponding 
to the background from those that correspond to pits. 
Depending on the chosen threshold, the basins considered as pits and those considered as 
background surface will vary. However, the a priori choice of an optimal threshold is difficult; 
hence, the impact of any selected threshold needs to be addressed. In this context, the 
automated extraction of pits by this method has two parts, the segmentation of the image into 
basins and the connection of the basins to the pits. The details of the process are discussed in 
the following section. 
 
 
(a) (b) 
Figure 5.14 (a) Detail of the granulated surface of rebars containing pitting corrosion 
and (b) schematic explanation of oversegmentation due to this surface 
 
(a) 
 
(b) 
Figure 5.15 Example of watershed over-segmentation for a representative rebar 1.13 (a) 
original imageand (b) segmented image 
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5.4.1 Watershed algorithm applied to corrosion images 
As aforementioned, basin delimitation is performed in two steps: (i) the segmentation of the 
image into basins and (ii) the association of those basins with the pits. The first step consists 
of going through the image pixel matrix and for every pixel performing a local check on a 
3x3 window of neighbours centred on that pixel. A typical window for this type of analysis 
is depicted in Figure 5.16a. This allows extracting the path of water descent, as it travels from 
higher to lower altitudes. The window provides eight alternative draining paths, each 
associated with one number: north-west (1), north (2), north-east (3), east (6), south-east (9), 
south (8), south-west (7) and west (4). Figure 5.16b and c illustrate how this step functions. 
The former represents an example matrix of corrosion depths where values are absolute and 
hence, higher values correspond to deeper areas. The algorithm looks for the relative position 
of the highest value inside the analysis window with respect to the central pixel (e.g. north-
west) and creates a new matrix where the value of each of the elements corresponds to that 
relative position (e.g. a value of 1 for north-west). The resulting draining map is shown in 
Figure 5.16c.  It is important to note that the algorithm takes into account the circularity of 
the bar in the angular direction, i.e. the first row of the matrix is preceded by the last one. The 
second step consists of connecting the pixels into geomorphological networks (see Figure 
5.16d). The algorithm goes through the newly created draining matrix and checks the draining 
paths. When it finds a point that drains to itself, that is, the deepest point of a basin (indicated 
by the value 5), it checks the 3x3 window of that point’s neighbours for the points that drain 
to it. The process is repeated until all the pixels are classified and a basin map is created. As 
can be seen in Figure 5.16d, all pixels belonging to the same basin are allocated the same 
number in the basin map. 
Subsequently, thresholding is applied to overcome the over-segmentation problem: basins 
deeper than a certain threshold are considered as pits and those that are not, are taken as 
background corrosion. The final step considers two approaches: one where adjacent basins 
with points of contact are joined together into a single basin and another one where they are 
considered separately. The two approaches at the final step allow consideration of the effect 
of pit aggregation, or in other words, pits are created separately but after a period of growth 
they eventually start joining up.  
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As in the basic thresholding case, a threshold range, sub-divided into equal intervals of 0.2 
mm, is used. To illustrate this approach Figure 5.17 presents an example for a representative 
image of a rebar 7.4 with a 4.2% average corrosion level.  
 
 
(a) (b) 
 
 
 
 
(c) (d) 
Figure 5.16 (a) Neighbourhood; (b) Corrosion depth image; (c) Draining map and (d) 
Basin map from a watershed algorithm 
 
It can be seen that, when comparing the thresholded images in Figure 5.17a, i.e. the case 
where adjacent basins with contact points are considered part of the same pit, with those in 
Figure 5.3, the results are similar, with areas detected as defects in both cases having 
approximately the same location. Both approaches consider pit agreggation, or in other words, 
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pit interconnections. The main difference is that the segmentation using watershed algorithm 
extracts, in general, larger defect areas. This is because areas for the basic thresholding 
algorithm are taken in the interior of the defect, i.e. at the intersection between the threshold 
plane and the corroded surface, while areas for the watershed algorithm are always taken at 
the surface of the corroded rebar (see Figure 5.18). On the other hand, the approach presented 
in Figure 5.17b, i.e. the case where adjacent basins with contact points remain independent, 
allows for an alternative description of the defects where these can be characterised in terms 
of the size of the sites of pit initation or, as described in Chapter 2, nucleations sites.  
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Original Image 
  
Threshold depth = 0 mm 
  
Threshold depth = 0.2 mm 
  
Threshold depth = 0.4 mm 
 
 
Threshold depth = 0.6 mm 
 
 
Threshold depth = 0.8 mm 
  
Threshold depth = 1.0 mm 
  
Threshold depth = 1.2 mm 
  
Threshold depth = 1.4 mm 
(a) (b) 
Figure 5.17 Watershed based segmentation of a representative corrosion image at 0.2 
mm intervals (top) rebar 7.4 (a) joining contiguous basins and (b) preserving the 
independency of basins 
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(a) (b) 
Figure 5.18 Comparison between (a) watershed based segmentation and (b) global 
thresholding segmentation for a representative corrosion profile 
 
In order to further compare the results yielded by this approach with those in section 5.3.1, 
pit count curves for all the rebars, for both the case of joined contiguous basins and that 
preserving independency of basins, have been generated and are depicted in Figure 5.19a and 
b respectively. Both graphs are divided into four groups according to their corrosion levels: 
(i) blue (corrosion degrees lower than 3%), (ii) green (between 3% and 5%), (iii) cian 
(between 5% and 10%) and (iv) red (higher than 10%). It is possible to see that only the 
results for watershed considering adjacent pits jointly are comparable to those in section 5.3.1.  
When doing so, it is observed that, in general, the number of defects produced by the 
watershed approach is smaller than that of the global thresholding. This is because some 
defects that are taken as separate by the latter are taken as being part of a single one by the 
former.  
Once more, although a certain trend in the shape of the pit count curves can be observed, not 
all the rebars with the same level of corrosion display similar type of curves. If the four rebars 
that were compared in section 5.3.1 are compared here as well it can be seen that the trends 
are rather similar. The two rebars with almost the same degree of corrosion, i.e. (a) 3.3 (6 % 
average corrosion level) and (b) 2.3 (5. 4%), are those that have the least similar pit count 
curves while bars with different corrosion levels, i.e. (a) 3.3 (6 %), (c) 1.13 (8%) and (d) 9.1 
(13.4%) are more similar.  
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(a) (b) 
 
Figure 5.19 Pit Count from basins for all the rebars at thresholded at 0.2 mm intervals 
(a) joining contiguous basins and (b) preserving basin independency 
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(c) (d) 
 
Figure 5.20 Basin Count for bars (a) 3.3 (6%), (b) 2.3 (5.4%), (c) 1.13 (8 %) and (d) 9.1 
(13.4%) 
Following the same reasoning used in section 5.3.2, it is necessary to extract quantifiers from 
the corrosion structure that allow a posterior analysis including correlation of results with 
mechanical properties, which is the subject of Chapter 7. In order to allow comparison 
between the results on pit extraction using the basic-thresholding and the watershed algorithm 
segmentation techniques and enable correlation with mechanical properties, the same 
sequence of analysis used for global thresholding was followed in this case as well. 
5.4.2 Probability distribution function for the surface area of pits 
In determining the probability distribution of the surface area of the defects, the two threshold 
levels previously used, namely t=0.4 and 0.6 mm were analysed for the two cases, namely, 
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separated and joined basins. The previously mentioned set of distribution functions (Weibull, 
lognormal and exponential) were trialled. After testing the goodness of fit, the lognormal 
distribution was found to better fit the results with a good confidence level.  
Subsequently, a regression analysis between the probability distribution parameters and the 
level of corrosion was undertaken (Figure 5.22 and Figure 5.21). The values for the four 
example rebars in Figure 5.8 have been highlighted for comparison purposes. It was found 
that for the case where pits were kept independent (Figure 5.21), there was a moderate 
correlation between the level of corrosion and the mean value of the probability distribution 
while there was a very weak correlation with standard deviation for both thresholds. This 
indicates that this approach allows capturing a certain increase in defect area with increasing 
corrosion level while no significant change in the variability of the data with corrosion is 
detected. For the case where adjacent pits were joined together, it was noted that, contrary to 
the previous case, the correlation between corrosion level and the data mean was generally 
weaker than that between corrosion level and standard deviation.  However, the main 
weakness of this approach is that it can not provide values for the distribution parameters 
from all rebars due to its inability to capture enough number of pits for corroded rebars with 
average corrosion levels over 15% to understand the parameter distributions in those cases. 
  
(a) (b) 
Figure 5.21 Regression analysis of the area probabilistic model parameters, 𝝁 (right) 
and 𝝈 (left) at thresholds t=0.4 (a,b) for separate pits 
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(c) (d) 
Figure 5.21 Regression analysis of the area probabilistic model parameters, 𝝁 (right) 
and 𝝈 (left) at thresholds t= 0.6 (c,d) for separate pits 
  
(a) (b) 
  
(c) (d) 
Figure 5.22 Regression analysis of the area probabilistic model parameters, 𝝁 (right) 
and 𝝈 (left) at thresholds t=0.4 (a,b) and 0.6 (c,d) for joined pits 
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5.4.3 Probability distribution function for the volume of pits 
The probability distribution of the volume of the basins was assessed at threshold levels t=0.4 
and 0.6mm. The volume was defined as the volume of the basins with a maximum depth 
deeper than the threshold (see Figure 5.23) and, as described in the previous section, both the 
cases where adjacent basins with points of contact are considered as a single pit or kept 
independent are considered.  
 
Figure 5.23 Schematic diagram of Computed Basin Volume 
Once more, the lognormal function was found to better fit the data. For the case where 
adjacent basins were joined together (see Figure 5.25), relatively good correlation between 
the 𝜇 and 𝜎 at the 0.6 mm threshold (𝑅2 = 0.570 and 𝑅2 = 0.770 respectively) was observed. 
However, as described earlier for the distribution of areas, the values for corroded rebars with 
average corrosion levels exceeding 15% are not obtainable using this approach. On the 
contrary, for the case where adjacent basins were kept independent, the regression analysis 
between the lognormal parameters and the corrosion level at the different thresholds (see 
Figure 5.24) was very weak for the two threshold levels.  
For all the above, it can be stated that the watershed-based method joining adjacent pits is not 
adequate for this study as it is not useful to analyse rebars with average corrosion levels over 
15%. As for the other two methods, global thresholding and watershed-based approach 
keeping independent pits both offer similar abilities to capture the variability of the corrosion 
geometry and hence both could be good corrosion pattern descriptors.  
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(a) (b) 
  
(c) (d) 
Figure 5.24 Regression analysis of the volume probabilistic model parameters , 𝝁(right) 
and 𝝈(left) at thresholds t=0.4 (a,b) and 0.6 (c,d) separated pits 
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(a) (b) 
  
(c) (d) 
Figure 5.25 Regression analysis of the volume probabilistic model parameters, 𝝁(right) 
and 𝝈(left) at thresholds t=0.4 (a,b) and 0.6 (c,d) joined pits 
5.5 Multi-spectral thresholding 
As discussed in Chapter 4, multi-spectral analysis can be very useful for separating 
information located at different spectral bands. In this section, the multispectral analysis will 
be used with a different approach compared to that in the previous chapter, namely, for 
thresholding-based segmentation to extract pits from the surface of corroded rebars. 
According to Sonka et al. (2008), the main steps for multi-spectral segmentation are:  
(i) Initializing the original image as a single region.  
(ii) Computing a histogram for each spectral band; finding the most significant peak in 
each histogram and determining two thresholds as local minima on either side of this 
maximum in order to segment each spectral band into sub-regions according to these 
thresholds. 
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(iii) Repeating step (ii) for each region of the image until each region´s histogram contains 
only one significant peak. 
This section aims to extract corrosion pits using a multi-spectral thresholding method from 
the corrosion image.The more localized corroded patterns, i.e. the pits, with short wavelength 
can thus be separated from overall generalized corrosion patterns with long wavelengths. 
Moreover, the patterns at different wavelengths can be quantified independently of each 
other, potentially offering a richer characterization. 
5.5.1 Multi-spectral thresholding for corrosion images 
The decomposition of the original image into its different sub-bands was carried out following 
the same procedure used in Chapter 4, namely, a wavelet-based multi-spectral decomposition 
(see sections 4.4.3.6 and 4.4.3.7 for a detailed description of the method). Due to the size of 
the image, the transformation consisted of five levels of decomposition, in which the 
wavelength of each level is double the size of the previous level. An example of the wavelet 
analysis undertaken in this investigation is shown in Figure 5.26. The figure summarises the 
wavelet decomposition of a representative rebar 2.4 (7.3% average corrosion level) whose 
original image is also shown. Following the application of the wavelet transform, two images, 
an approximation and a detail, were obtained for each level.  
Figure 5.27 presents the different details at levels 1 to 5 and the approximation at level 5 
(containing the information of what forms details 6 and above), both using a global colour 
map for all the sub-images (left column) and a local colour map for each of them (right 
column).  From these sub-images it is clear that the corrosion pattern of the rebar is apparent 
both at the scale of the first level, i.e. 2 × 2 𝑚𝑚2, and at levels 6 and above, 64 × 64 𝑚𝑚2. 
However, it is visually evident that smaller defects are best defined at lower levels, while 
larger areas of corrosion can be best observed at higher levels. This suggests that lower levels 
are associated with localized corrosion while the higher levels contain information on the 
generalized loss of material. Hence, and for the aim of this analysis, it was deemed necessary 
to separate these effects. It was decided that areas of higher values on the two first levels 
should be classified as small area pits, those values on the third level as medium area pits, 
and those on the fourth and fifth levels as large scale corrosion patterns. However, it must be 
highlighted that these images give only indirect information about the depth of the corroded 
Corrosion Characterisation using Shape Features 
 
   
                                                                                                                                                             184 
  
area, because they present the depth relative to that of the average of the level above. This 
means that the pattern at any level contains both positive and negative values, even though 
conceptually corrosion is thought of as consisting of entirely negative values, typically 
relative to the uncorroded surface. Despite this somewhat awkward reference level, the 
magnitude of the pixel values is an indicator of the degree of corrosion. 
 
Figure 5.26 Original image and five level wavelet decomposition of rebar 2.4 
 
Figure 5.27 Details of the wavelet decomposition for rebar 2.4 (a) global scale colour 
map and (b) local scale colour map 
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With the aim of further exploiting the information contained in Figure 5.27, a thresholding 
analysis was carried out. Thresholds were defined following the methodology discussed in 
the previous section, namely, by plotting the histograms of the sub-images. Figure 5.28 shows 
the histograms for the sub-images at the different levels of a representative bar, namely bar 
2.4. It is clear that these histograms present a single very significant peak at low corrosion 
depth values. This is a consequence of the wavelet transformation, through which only a few 
coefficients dominate the representation, also known as sparse representation of the image. A 
hard thresholding was used to extract the defects by eliminating all values below any 
particular threshold. From visual assessment of the histograms a threshold value between 0 
and 0.5 seemed reasonable, with a value of 0.2 finally chosen. After the thresholding of the 
sub-images, levels 1 and 2 were lumped together, as were level 4 and 5, thus leading to three 
categories of pit area (small, medium, large). Figure 5.29 presents the resulting thresholded 
sub-images for rebar 2.4. When compared with the results provided by the two previous 
methods, namely global-thresholding and watershed algorithm (see Figure 5.30) it is evident 
that the method is not as good in detecting corrosion defects as the other two methods, 
especially for those with larger areas. Hence, it was decided that the analysis of the results 
yielded by this method, namely areas and volumes of the defects would not be undertaken.  
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(a) (b) 
  
(c) (d) 
 
 
(e) (f) 
Figure 5.28 Histograms from the wavelet decomposition sub-images at level 1(a), level 
2(b), level 3(c), level 4(d), level 5(e) and levels 6 and above(f) for Specimen 2.4 
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Figure 5.29 Thresholding of detail sub-images for rebar 2.4 
  
(a) Threshold t = 1.2mm (b) Threshold t = 1.2mm 
  
(c) Threshold t = 0.8mm (d) Threshold t = 0.8mm 
  
(e) Threshold t = 0.4mm (f) Threshold t = 0.4mm 
  
(g) Threshold t = 0mm (h) Threshold t = 0mm 
Figure 5.30 Segmentation results using (left) global-thresholding and (right) watershed 
algorithm for rebar 2.4 
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5.6 Summary and conclusions 
In this chapter, the comparison of different segmentation techniques for the analysis of shape 
texture features is developed. The conclusions that can be drawn from this chapter are:   
 The lack of an objective definition for a pit could be overcome with the 
characterisation of corrosion defects in terms of their depth and size using image 
segmentation.  
 Global thresholding delineates certain visually recognisable regions as pits but does 
not capture separation between nearby defects.  In contrast, watershed algorithm 
allows both approaches, i.e. capturing corroded areas and independent defects. 
 The pits extracted using global thresholding and the two watershed algorithm-based 
analyses can bemodelled in terms of area and volume. It was concluded that, in all 
cases, a lognormal distribution best represented these two properties. Relevant 
parameters for the sample of bars analysed have been provided. 
 The watershed-based method considering pit interconnections was not able to capture 
enough number of defects on corroded bars with average corrosion levels over 15% 
to understand their area/volume distributions. Hence, this method is not 
recommended. 
 Despite having a good ability to detect the location of the defects, the multi-spectral 
thresholding method was not sufficiently accurate with regard to the identification of 
the pit shape. However, the potential of this method to separate defects into different 
categories according to size and depth was highlighted. 
 Each of the examined methods brings advantages but also has limitations. Depending 
on whether the objective is to quantify pits individually or study pit aggregation (in 
terms of area/volume), this study suggests that, respectively, global thresholding and 
watershed-based algorithm are to be preferred. 
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6. Mechanical Properties of Corroded 
Rebars 
6.1 Introduction 
This chapter focuses on the mechanical properties of corroded rebars under tensile loading. 
It starts with a review of available studies addressing the effect of corrosion on both reinforced 
concrete elements and their reinforcement. Through this, the importance of detailed 
mechanical models for corroded reinforcement and the lack of appropriate models that relate 
corrosion pattern with mechanical properties become apparent. Thus, the behaviour of the 
population of corroded rebars generated within this research is studied through tensile testing. 
The ability of available corrosion quantifiers, i.e. average corrosion level, maximum 
corrosion depth and minimum cross-sectional area, to describe tensile properties is examined.  
6.2 Effect of corrosion on behaviour of RC beams and slabs 
The effect of corrosion on reinforced concrete includes loss of cross-sectional area and 
changes in mechanical properties of reinforcement, reduction of bond between reinforcing 
bars and concrete, cracking, spalling and delamination of concrete. There have been several 
studies trying to determine the influence of corrosion of rebars on the flexural behavior of 
corroded beams and slabs under different loading scenarios. Research on the corrosion effect 
on bond and cracking of concrete has also been conducted.  
6.2.1 Effect of corrosion on bond 
The bond mechanism between concrete and reinforcement consists of three mechanisms, 
namely chemical adhesion, friction and mechanical interlocking (Lundgren, 2007). At low 
stresses, for both plain and ribbed bars, the main bond mechanism is chemical adhesion; while 
at higher stresses, the chemical adhesion is the first to be lost with friction left to continue the 
transfer of forces. Mechanical interlocking between the ribs of the bar and the concrete is 
present for ribbed bars.  
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For corrosion levels in the range 1-4%, mass loss can improve the bond capacity as the rust 
products fill the voids between concrete and steel. Bond capacity in the case of plain bars is 
smaller than for ribbed bars due to the reduced capacity of the former to transmit normal 
stresses at slip compared to the friction that ribs offer. Therefore, a reasonable amount of 
corrosion that does not crack the concrete is beneficial for the bond of plain bars but not so 
much for ribbed bars (Cabrera, 1996; Lundgren, 2007). However, for higher levels of 
corrosion the loss of bond strength is significant for all types of bar (Cabrera, 1996). At higher 
corrosion levels, since the volume of steel rust is 4 to 6 times higher than that of original 
pristine steel, there is an increase in pressure in the corroded region, thus damaging the bond 
between rebars and concrete as the volume of rust becomes excessive. 
 
Corrosion also changes the mode of failure of the bond. Research by Almusallam et al (1996) 
with ribbed bars showed that, for up to about 12% corrosion mass loss, the failure is produced 
by spalling of the concrete surrounding the bar; however for higher levels of corrosion, the 
failure is produced by slippage of the bar. This is because higher degrees of corrosion result 
in the loss of ribs, lubrication by interstitial corrosion layer and loss of confinement. 
 
Several studies have attempted to separate the effect of each of the factors influencing the 
bond (i.e. steel cross area reduction, change in ductility of bars, changes in properties of 
concrete, confinement, etc), but with limited success (Castel et al, 2000b; Fang et al, 2006). 
For example in Fang et al (2006) it was found that confinement helps to reduce the effect of 
corrosion on bond by up to 50% as compared to unconfined specimens.  
 
Several authors have proposed formulas based on empirical tests describing the influence of 
corrosion on bond (e.g. Cabrera, 1996). A review of empirical and analytical models of bond 
deterioration can be found in Bhargava et al (2007). An investigation into the characteristics 
of bond behaviour for different combinations of bar type, confinement and cracking 
conditions can be found in Lundgren (2007).  
6.2.2 Corrosion-induced cracking 
Corrosion cracking, also known as secondary cracking, occurs due to the increase in the 
stresses produced by the accumulation of rust in the contact area between reinforcement and 
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concrete. The volume of corrosion products from the corroded rebar increases with time and 
when the stresses induced exceed the tensile strength of the concrete, the concrete cover 
cracks. It is important to distinguish between load and corrosion cracking. The latter often 
appears longitudinally to the reinforcement (Vidal at al, 2004). Cracking is a key factor in the 
loss of bond strength; therefore, once cracking has initiated, very little corrosion increase is 
needed for an important decrease in bond (Almusallam et al., 1996).  
There is a direct relationship between the rate of reinforcement corrosion and crack width. 
There are numerous studies which develop empirical formulas relating the degree of 
corrosion at reinforcement level with the crack widths (Alonso et al, 1998; Cabrera, 1996; 
Vidal et al., 2004). The generation and evolution of cracks is influenced by rebar diameter, 
concrete cover, porosity of concrete, confinement, etc (Alonso et al., 1998; Jang & Oh, 2010). 
It has also been shown that if corrosion is non-uniform, cracking of concrete occurs under 
smaller corrosion levels of the reinforcement than if corrosion is uniform (Jang & Oh, 2010). 
Finally, it is important to note that the presence of cracks allows easy access for new chlorides 
to penetrate the concrete and aggravate reinforcement corrosion. 
6.2.3 Effect of corrosion on flexural strength 
It has been found that for early stages of corrosion of reinforcement, i.e. less than 1-2% loss 
in weight, there is a small increase in the ultimate flexural strength of RC slabs due to the 
improved bond produced by the presence of limited rust (Almusallam et al, 1996). In this 
range of corrosion, the deflection is hardly affected. This has been related to the fact that,  at 
smaller levels of corrosion the attack is rather localized, therefore not being so noticeable as 
when compared to higher corrosion levels where corrosion tends to be more uniform (Pritpal 
S Mangat & Elgarf, 1999).  
 
After this initial phase, there is a rapid increase in deflection and consequent decrease in 
ultimate flexural strength with increasing levels of corrosion. The reduction in the ultimate 
flexural strength of slabs with 5% and 25% reinforcement mass loss can be up to 25% and 
60% respectively (Almusallam et al, 1996). Research on beams shows a reduction of 25% 
flexural capacity at a 10% degree of corrosion (Pritpal S Mangat & Elgarf, 1999). However, 
although the deterioration of the reinforcing bars has an important influence on the reduction 
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of the flexural capacity of corroded elements; there are other important factors at play. 
Uomoto & Misra (1988) showed that a reduction in the range of 5% to 10% on the yield and 
ultimate strength of the corroded bars produced a reduction of around 30% on the ultimate 
load carrying capacity of beams and columns. This highlighted that the reduction of the 
capacity of corroded elements is not linked only to the reduction of the area or yield strength 
of the rebars, but also has other influences, such as cracks. This is in agreement with other 
studies which confirm that the main reason for the loss of strength and stiffness in reinforced 
concrete is primarily because of debonding and not only due to rebars’ mass loss (Chung, 
Najm, & Balaguru, 2008; Pritpal S Mangat & Elgarf, 1999). In summary, corrosion decreases 
the maximum load, the post-cracking flexural stiffness,  the load capacity at large deflections 
and the flexural toughness (Chung et al., 2008).  
6.2.4 Effect of corrosion on post-ultimate behaviour 
As reported by, Kallias & Rafiq (2013) there is a wide scatter on published results of the 
evolution of ductility for corroded beams and slabs, however, there seems to be a consensus 
in reporting reduction in ductility and changes in the failure mode in corroded beams (e.g.  
Yuan et al., 2008). This was in agreement with Du et al. (2007) who found that, for over-
reinforced beams where the failure of the uncorroded element is dominated by crushing of 
the compressive zone concrete, corrosion of the reinforcement increased the beam ductility. 
In the case of under-reinforced beams, where the failure of the uncorroded beams is governed 
by the reduction of ductility or bond strength at the tensile reinforcement, corrosion was found 
to decrease beam ductility. The authors expressed concerns for beam ductility on under-
reinforced beams with rebars presenting corrosion levels exceeding 10% as fracture of 
reinforcement could take place.  Similarly, Misra & Uomoto (1987) reported that a 2.4% 
corrosion reduced the energy absorption of corroded beams, i.e. the area under their tensile 
stress-strain curve, up to 34%, this is attributable to the reduction of both ultimate strength 
and ductility. 
 
On the contrary, El Maaddawy et al. (2005) observed that highly corroded beams, with 
average corrosion levels up to 30%, exhibited similar ductility as those without corrosion. 
However, their results show agreement with the previous on the fact that corroded 
reinforcement changes the failure mode, reducing ductility as the tension rebars fracture.  
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6.3 Effect of corrosion on tensile mechanical properties of steel 
rebars 
From the previous section it is evident that corrosion has important effects on deterioration 
of reinforced concrete. A key underlying factor comes from the degradation of the strength 
and ductility of the corroded reinforcement, which predominantly affects the flexural and 
post-ultimate behaviour of corroded beams and slabs.   A number of studies have tried to 
quantify this effect, focusing on corroded rebars’ yield and ultimate strengths and elongation 
to fracture. However, other parameters such as strain hardening, have been rarely studied. A 
review of available studies on tensile mechanical properties of corroded rebars is undertaken 
in this section. It is important to note that when results from certain studies are analysed on 
their own, some of the observed trends can be misleading, due to the limited number of tests, 
or the narrow range of different corrosion levels considered. To gain a better understanding 
of the impact of different variables on the mechanical properties of corroded rebars subjected 
to tensile testing, the results of previous studies are first commented individually and then 
assessed through inter-group comparisons. 
6.3.1 Overview of available studies 
6.3.1.1 Classification of previous studies 
The mechanical properties of corroded rebars can be calculated using nominal (apparent) or 
actual (effective) geometrical properties of the bars. Apostolopoulos & Pasialis (2008) 
recommended the use of nominal values (reflecting the original condition of bars) when 
evaluating the strength of corroded bars since most codes make use of such values and hence 
the use of actual values may lead to erroneous interpretation. However, no other study has 
stated such preference and, in fact, different situations might require different approaches. 
For example, if the yield load,𝐹𝑦𝑐, of a rebar with an average corrosion level 𝑄𝑐𝑜𝑟𝑟is required, 
the following options are available for its calculation: 
𝐹𝑦𝑐 =  𝑓𝑦,𝑎𝑝𝑝 ∙ 𝐴𝑠 
(76) 
𝐹𝑦𝑐 =  𝑓𝑦,𝑒𝑓𝑓 ∙ 𝐴𝑠,𝑎𝑣𝑒 (77) 
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where 𝑓𝑦,𝑎𝑝𝑝 and 𝑓𝑦,𝑒𝑓𝑓 are the apparent and effective yield strengths and  𝐴𝑠 and 𝐴𝑠,𝑎𝑣𝑒 are 
the nominal and average reduced areas of the rebars.  
The effect of corrosion on mechanical properties could be attributed to two sources: those 
associated with geometrical effects and those associated with material or micro-structural 
effects. The former include average (𝑑𝑎𝑣𝑒) and critical (𝑑𝑚𝑖𝑛) loss of diameter (Figure 6.1) 
while the latter comprise possible changes in the chemical composition of steel and stress 
concentrations. In Eq. (76), it can be observed that, since As remains constant irrespective of 
any corrosion, 𝑓𝑦,𝑎𝑝𝑝 covers everything to do with the corrosion process and its effect on 
mechanical properties. By contrast, in Eq. (77), 𝑓𝑦,𝑒𝑓𝑓 captures the material and micro-
structural effects of corrosion while 𝐴𝑠,𝑎𝑣𝑒 accounts for the geometrical effects. Hence, Eq. 
(76) could be used if the relationship between 𝑓𝑦,𝑎𝑝𝑝 and 𝑄𝑐𝑜𝑟𝑟 was established, while Eq. 
(77) requires the relationship between 𝐴𝑠,ave  and 𝑄𝑐𝑜𝑟𝑟 to be established, as well as an 
understanding of the effect of corrosion on material and micro-structural influences that may, 
in turn, influence 𝑓𝑦,𝑒𝑓𝑓. Being average corrosion level the most commonly available 
corrosion measurement, apparent mechanical propeties are preferred. For the sake of 
comparison, in the present research, both approaches, based on apparent and effective 
properties, will be investigated. 
 
Figure 6.1 Reduction in diameter due to corrosion 
It is important, when interpreting the results of previous studies, to bear in mind their 
differences and, where appropriate, classify them into different groups. First, it is important 
to differentiate between types of corrosion. One possible sub-division could be between 
artificially induced and naturally occurring corrosion. Another distinction could be between 
chloride induced corrosion, carbonation induced or indeed induced by some other source. 
Other possible classifications could take into account: the geometry of the corroded 
specimens (diameter and length), the degree of corrosion, the different types of steel and 
Original 
bar
dmin
Corroded
bar dave
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whether the bars are ribbed or plain. Finally, the testing procedure also plays an important 
role on the results. An overview of the studies on mechanical properties of corroded 
reinforcement and their characterising attributes is presented in Table 6.1.   
Table 6.1 Classification of previous studies on tensile mechanical properties of 
reinforcing bars 
Authors Type of corrosion 𝐓𝐲𝐩𝐞 𝐨𝐟 𝐛𝐚𝐫𝐬∗ 
Geometrical 
properties of 
specimen 
Degree of 
corrosion 
Main properties 
analyzed under 
corrosion effect  
Maslehuddin 
et al. (1990) 
Natural corrosion 
 
 
 
Bare 
Type I:  
Hot-
rolled/Cold-
straightened 
Ribbed 
 
Type II: 
Hot-rolled 
Ribbed 
Type I: 
8,10 and 12 mm 
diameter 
Length:0.5m 
 
 
Type II:  
12, 16 and 32 mm 
diameter 
Length:0.5m 
Up to 0.5% 
Yield and ultimate 
strengths
**
 
 Elongation 
***
 
Andrade et 
al. (1991) 
Accelerated 
(imposed current) 
 
Bare 
 
Ribbed 
Hot-rolled  
12mm diameter 
1m long 
14, 15 and 34 
days (up to 30%) 
Effective yield and 
ultimate strengths 
Ultimate elongation  
Allam et al. 
(1994) 
Natural corrosión  
 
 
 
Bare 
Ribbed 
Type I: 8,10, 
12mm diam 8(hot-
rolled/cold-
straightened) 
 
Type II: 
12,16,32mm diam 
(hot.rolled) 
 
Length: 500mm 
Up to 16 months 
Yield and ultimate 
strengths
**
 
 
Almusallam 
(2001) 
Artificial (imposed 
current + chlorides) 
 
Embedded  
Grade 60 
ASTM A615 
Ribbed  
Type I : 
6mm diameter  
 
Type II: 
12mm diameter 
Type I: 
0.88-75%  
 
Type II: 
2.11-80% 
 
Effective yield and 
ultimate strengths 
Apparent yield and 
ultimate strengths 
Fracture elongation  
Palsson & 
Mirza (2002) 
Natural (various 
causes) 
 
Embedded 
Hard-grade 
steel 
No. 5 ≡ 16mm 
diameter 
Length=0.25m 
<10% 
>10%-<20% 
>20%-<30% 
>30% 
(0-80%) 
Yield and ultimate 
strengths calculated 
at minimum cross-
sectional area 
 
Ultimate strain 
 Du et al. 
(2005b) 
 Du et al. 
(2005a) 
 
 
Artificial (impressed 
current + chlorides) 
500, 1000 and 2000 
µA/cm2 (for 8,16 
and 32mm 
respectively) 
 
Bare and Embedded 
Plain & 
Ribbed 
8, 16 and 32 mm 
diameter 
From 7 to 28 
days (Up to 25%) 
Effective yield and 
ultimate strengths 
Hardening strain 
Elastic modulus 
Ultimate strain 
Ultimate Elongation 
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Cairns et al. 
(2005) 
Type I:  
Simulated(machined
) 
 
Type II: 
Artificial corrosion  
Embedded 
IIa : impressed 
current + chlorides+ 
wet/drying cycles 
10-50µA/cm2 
 
IIb: Impressed 
current + chlorides 
Type I: 
B500B 
Ribbed 
 
 
 
Type IIa: 
Plain 
 
 
 
Type IIb: 
High-yield 
Ribbed 
 
Type I: 
12,16,20 and 24 
mm diameter 
 
 
 
Type IIa: 
16mm diameter 
 
 
 
Type IIb: 
20mm diameter 
Type I: 
5,10,20,30,40,50
%  
 
 
 
Type IIa: 
Up to 72%  
 
Effective yield and 
ultimate strength 
Fracture strain 
Apostolopoul
os et al. 
(2006) 
Artificial  
(Salt-spray) 
 
S 500s 
(BSt500s) 
Ribbed 
8mm diameter 
Length:230mm 
Up to 30% 
Effective yield and 
ultimate strengths 
Apparent yield and 
ultimate strengths 
Fracture elongation 
Alexopoulos 
et al. (2007) 
Artificial  
Salt-spray 
 
Bare  
Type:  
BSt IV 
Ribbed 
(4 different 
manufacturers
) 
12mm diameter 
 
30 days (up to 
3%) 
Yield and ultimate 
strengths
**
 
Fracture elongation 
Du et al. 
(2007) 
Simulated 
(machined) 
 
Bare  
Plain 16mm diam  
Yield and ultimate 
strength at 
minimum cross-
section 
Fracture strain 
Papadopoulo
s et al. (2007) 
Artificial (salt –
spray) 
 
Bare 
 
Type I: S500c 
Ribbed 
 
Type II: 
B500c 
12mm diam 
Length: 250mm 
10,20,30,45,60,9
0 days 
(0-9%) 
Effective yield and 
ultimate strengths 
Apparent yield and 
ultimate strengths 
Fracture and 
ultimate elongation 
Apostolopoul
os et al(2008) 
Artificial (salt-spray) 
 
Bare  
Type I: 
B500c  
Ribbed 
 
Type II: 
S500s 
Ribbed 
12mm diameter  
Length=0.25m 
 
10days (1%) 
20days (2%) 
30days (3%) 
45days (5%) 
60days (6%) 
90days (10%) 
Effective yield and 
ultimate strengths 
Apparent yield and 
ultimate strengths 
Fracture elongation  
Apostolopoul
os (2008) 
Artificial (salt –
spray) 
 
Bare 
B500c 
Ribbed 
8,12,16,18mm 
diam 
10,20,30,45,60,9
0 and 120 days 
(0-14%) 
Effective yield and 
ultimate strengths 
Apparent yield and 
ultimate strengths 
 Elongation 
***
 
Apostolopoul
os et al. 
(2008) 
Type I: Artificial 
(salt –spray) 
 
Bare 
 
Type II: Natural  
 
Embedded 
 
BSt 420 
Ribbed 
10mm diam 
Length: 250mm 
10,20,30,45,60,9
0 days 
(0-9%) 
 
Up to 16% 
Effective yield and 
ultimate strengths 
Apparent yield and 
ultimate strengths 
Lee et al 
(2009) 
Type I: 
Artificial (impressed 
current) 
Embedded 
 
Type Ia: 
SD 295A  
Type Ib: 
SD 345  
Ribbed 
Type Ia: 
13mm diameter 
Type Ib: 
13mm diameter 
 
Up to 35% 
Apparent yield and 
ultimate strengths 
Elastic modulus 
 Elongation 
***
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Type II: 
Artificial 
(wetting/drying 
cycles + chlorides) 
Embedded 
 
Type IIa: 
SD 295A 
Type IIb:  
SD 295A  
Ribbed 
 
Type IIa: 
10mm diameter 
Type IIb: 
13mm diameter 
Kim et al. 
(2009) 
Artificial 
(wetting/drying 
cycles + chlorides) 
Embedded 
 
Artificial (imposed 
current)  
Embedded 
 
With or without 
precracking in both  
SD295 
Ribbed & 
Plain 
13mm diameter 
Corroded length: 
8*diameter=104m
m 
Up to 30% 
Yield and ultimate 
strengths
**
 
Hardening strain  
Slope of yield zone 
Second order 
rigidity 
Zhang et al. 
(2010) 
Simulated 
(machined) 
 
Bare 
Plain  
18 mm diameter 
Length: 100 mm 
Up to 40% 
Apparent yield and 
ultimate strength  
Yield and ultimate 
strength at 
minimum cross-
section 
Ultimate strain 
Length yield plateau 
 
Cobo et al. 
(2011) 
Accelerated 
(imposed current) 
Embedded 
B500SD 
16mm diam 
20mm diam 
Up to 15% 
Effective yield and 
ultimate strengths 
Ultimate and 
fracture elongation 
Zhang et al. 
(2012) 
Type I: Natural 
carbonation 
Embedded  
 
Type II:  Artificial 
(imposed current + 
chlorides) 
200µA/cm2 
Embedded 
Type I:  
Plain  
 
 
 
Type II: 
Ribbed 
Type I:  
6.5mm diameter 
Length=0.3-0.5m 
 
 
Type II:  
12mm diameter 
Length=0.3-0.5m 
 
Type I: 
Up to 30% 
 
 
 
Type II: 
Up to 40% 
Apparent yield and 
ultimate strengths: 
reduced 
 
Kashani et al.  
(2013) 
Artificial (impressed 
current + chlorides) 
Embedded 
B500B 
Ribbed 
8,12mm diam Up to 18% 
Apparent yield and 
ultimate strengths 
Apostolopoul
os et al 
(2013) 
Artificial (salt –
spray) 
Bare and Embedded 
B500c  
Ribbed 
8mm diam 
Length: 460mm 
0-120 days 
(Up to 14%) 
Apparent yield and 
ultimate strengths 
Ultimate elongation 
 
*specification varies according to standard used 
**the study does not specify if strengths are effective or apparent 
***the study does not specify if elongations/strains are at ultimate load or at fracture 
 
 
6.3.1.2 Discussion of previous studies 
The analysis of mechanical properties considered in the above studies is presented below, 
namely: (i) yield and ultimate strengths, (ii) fracture or ultimate elongation and strains, (iii) 
strain hardening, (iv) elastic modulus and (v) other indexes. It can be noted from Table 6.1 
that a few studies did not specify whether the calculated strengths were effective or apparent 
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or whether the elongations were ultimate or at fracture. This will be duly highlighted when 
referring to them. 
Several studies have analysed the effect of corrosion on effective and apparent yield and 
ultimate strengths. Most analyses have shown that apparent strengths are reduced with 
increasing levels of corrosion, e.g. Almusallam (2001) for corrosion levels of up to 80% and  
Apostolopoulos et al. (2006) for corrosion levels up to 30% respectively. Some studies, e.g. 
Kashani et al. (2013) for corrosion levels up to 18%, have shown that both yield and ultimate 
apparent strengths reduce at the same rate while others, e.g. Zhang et al. (2012) for corrosion 
levels of up to 30%, have stated that  the ultimate strength reduced at a higher rate than the 
yield strength. 
On the other hand, there is no apparent agreement regarding changes in effective properties. 
Some studies, e.g. Almusallam (2001) for corrosion levels of up to 80%, detected no effect 
of the degree of corrosion on effective strengths, while others, e.g. Du et al. (2005a) for 
corrosion levels up to 25%, observed a decrease with increasing corrosion levels. An 
explanation to this decrease in effective strength values, which in all cases was modest when 
compared to the reduction on apparent strengths, can be found in studies by Apostolopoulos 
& Papadakis (2008), Apostolopoulos et al. (2006)  and Apostolopoulos (2009). They found a 
slight decrease on yield and ultimate strengths for corrosion levels up to 10%, 30% and 15% 
respectively. The authors justify this for the two last studies, where the analysed rebars were 
made of a dual phase steel, by the reduction of the external martensitic skin of the rebars with 
increasing corrosion level. According to their rationale, this martensitic layer is responsible 
for the strength properties of the bars as opposed to the soft ferritic-perlitic core of the bar 
which controls their ductility. Hence, a moderate reduction of the effective values of strength 
could be caused by small changes on mechanical properties. Notwithstanding, since the 
recorded reductions were rather modest, this could also be attributed to the variability in the 
data.  
The effect of corrosion on the mechanical properties of rebars is also influenced by certain 
other parameters, such as geometry or material of the rebars. Maslehuddin et al (1990) 
observed that hot-rolled/cold-straightened rebars showed higher yield strength than hot rolled 
at corresponding levels of corrosion, while ultimate strengths were similar. However, it was 
not clarified whether strength values were effective or apparent. Du et al (2005) analysed the 
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influence of bar diameter and type or bar, ribbed or plain, on strength for the same corrosion 
levels.  The reduction in effective strength was higher for smaller diameter than for larger 
diameter bars, due to stress concentrations being higher for smaller diameters. Also, plain 
bars exhibited a higher reduction in capacity than ribbed ones. This could be explained by the 
fact that, the reduction of the cross-sectional area of ribbed bars comes mainly from the 
reduction of the rib area. Hence, for the same corrosion level, the reduction in section is higher 
for plain bars. However, the level of statistical significance of these differences was not found 
to be robust.  
Non-uniform corrosion causes higher strength reduction than uniformly distributed corrosion. 
Lee & Cho (2009) showed that with increasing levels of corrosion, the reductions in apparent 
yield and ultimate strengths and the elastic modulus were more pronounced for localized 
compared to generalized corrosion.  
Several studies have shown a dramatic decrease on ultimate and fracture elongation and 
strains at increasing levels of corrosion. Studies comparing the decrease in apparent yield and 
ultimate strengths with the decrease in elongation have shown the latter to be significantly 
higher, e.g. Alexopoulos et al. (2007) for corrosion levels up to 3%, Zhang et al (2012) up to 
28%, Cairns et al (2005) up to 70% andPalsson & Mirza (2002) up to 80% . 
Palsson & Mirza (2002) observed that the major part of the elongation takes place close to 
the eventual fracture location. Their study analysed the tensile behaviour of corroded rebars 
using an outer longer gauge encompassing an inner shorter gauge, which in turn spanned the 
minimum cross-sectional area along the specimen length. Comparison of the results obtained 
from both gauges showed that, the strain associated with the shorter gauge, was much higher 
than that of the longer one, implying that most of the strain was produced close to the fracture 
point. The same study showed that non-uniformity of the cross-sectional area, represented by 
the ratio of the smallest to largest area of the rebar, is associated with low ultimate strains.  
This confirmed the research by Almusallam (2001)  where it was shown that notches, i.e. pits, 
increased rebar brittleness. A later study by Lee & Cho (2009) confirmed the reduction in 
elongation to fracture is higher for pitting than for uniform corrosion. 
Strain hardening variation with corrosion has not received significant attention. As regards to 
strength at the starting point of strain hardening, Kim et al (2009) found that, for corrosion 
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levels up to 30%, the point is mainly related to the cross sectional area of the finally yielding 
zone (unlike the strength at the point of yield which is closely related to the minimum cross-
sectional area of the corroded bar). As for the strain itself, the results suggested that the post-
yielding strain hardening ratio, i.e. the ratio between strains after starting point of strain 
hardening and strains at point of yield, is less significantly reduced in bars with a smaller 
minimum cross-sectional area. Finally, the same study concluded that the strain hardening 
ratio is affected by corrosion pattern, where pattern is defined in terms of power spectral 
density of cross-sectional areas (see section 2.4.3.4).  On the other hand, research by Du et 
al. (2005b) on corrosion levels up to approximately 20%, does not support the view that strain 
hardening is affected by corrosion. Their study detected that there was no apparent 
relationship between the level of corrosion and the hardening strain.  
Limited research has been found on the effect of corrosion on the elastic modulus. Kim et al. 
(2009) found a strong relationship between maximum cross-sectional area loss and reduction 
of the elastic modulus. In contrast, Du et al. (2005b) found the elastic modulus was not 
affected by corrosion. The latter study stated that, because the chemical composition of the 
steel bar is not affected by the corrosion process, strain hardening, elastic modulus and 
strength ratios should, in principle, remain unchanged.  
One of the drawbacks faced by previous researchers is the difficulty in quantifying the joint 
influence of strength and elongation properties on the performance degradation of corroded 
rebars. Recently, the concept of an index has been introduced to overcome this limitation. 
Studies by Alexopoulos et al. (2007) and Apostolopoulos & Pasialis (2008) introduced a so-
called quality index, 𝑄𝐷 , defined as a function of tensile strength and tensile ductility. Zhang 
et al (2012) used the concept of equivalent area defined as the ratio between the yield (or 
ultimate) load of corroded rebars and the yield (or ultimate) load of uncorroded rebars in 
identical geometry. It was found that the equivalent cross-section areas are reduced with 
increasing corrosion level. 
6.3.2 Inter-group comparison of available studies 
As aforementioned, when results from previous studies are merged, interesting observations 
regarding the general behaviour of corroded reinforcement under tension can be made. Hence, 
the effect of corrosion on yield and ultimate strengths and strains and on the fracture 
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elongations and strains of the rebars from the studies summarised in Table 6.1 were 
graphically compared. As can be seen from the table, not all the rebars have the same 
geometries, i.e. lengths and diameters, or the same chemical composition.  
It is interesting to highlight here the procedure adopted for extracting the experimental data 
from published figures. Few studies contained explicit values of the different mechanical 
properties but data was typically presented graphically. A specialist software (GetData Graph 
Digitizer, 2013) was used for this purpose. Published figures were scanned or copied from 
PDF files to produce image files and subsequently imported to the specialist software, where 
they were digitized. The obtained values were then exported in spreadsheet format, ready to 
be plotted again. Figure 6.2 illustrates the process with a representative graph.  
 
 
(a) (b) 
 
(c) 
Figure 6.2 Data extraction from published figures (a) Original graph (b) Digitised graph 
and (c) new plot of the graph from extracted values 
As seen from Table 6.1, different studies presented different calculated properties, e.g. some 
contained only apparent strength values while others contained only effective strength values. 
For the sake of a more comprehensive comparison, in the cases where the required 
information was available, properties not explicitly calculated were derived. For example, in 
Extracted values
Digitized graph
New graph plot
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studies where elongation was calculated and original length of the rebar was known, strains 
were derived. However, in most cases, only the parameters calculated and presented by the 
authors were used as no additional details were available.  
By observing Figure 6.3 and Figure 6.4 it is possible to state that up to a corrosion level 
broadly between 10 and 20 %, the dispersion of the data makes it difficult to identify a 
downwards trend for either effective yield or ultimate strengths. Considering also the 
influence of different experimental techniques used, it is evident that the relationship of 
effective yield and ultimate strengths with corrosion levels even up to about 30% is constant. 
Beyond that value, the published data is quite limited and the nature of the relationship is not 
yet clear, although the study by Almussalam (2001) (see Figure 6.4) suggests that the limit 
can be set even higher. 
 
Figure 6.3 Effect of corrosion on effective yield strength 
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(a) 
 
 
(b) 
Figure 6.4 Effect of corrosion on effective ultimate strength for average corrosion levels 
up to (a) 40% and (b) 80% 
On the other hand, when observing the apparent yield and ultimate strengths in Figure 6.5 
and Figure 6.6, it is obvious that their values decrease with increasing levels of corrosion. 
Moreover, the effect is quite similar for both yield and ultimate strengths, as suggested by 
some investigators.  
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Figure 6.5 Effect of corrosion on apparent yield strength 
 
Figure 6.6 Effect of corrosion on apparent ultimate strength  
Most previous studies investigated either the fracture or ultimate strains. In both cases, it is 
evident from Figure 6.7 that the decrease with increasing levels of corrosion is very 
significant.  
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Figure 6.7 Effect of corrosion on fracture strain 
  
 
Figure 6.8 Effect of corrosion on ultimate strain  
Finally, Young’s modulus was examined in only two studies. While results by Kim et al. 
(2009) showed a clear decrease with increasing corrosion levels, those by Du et al. (2005b) 
showed a constant relationship. The levels of corrosion analysed in both studies are in the 
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accelerating techniques. Given opposing trends from fairly limited data, it is not yet possible 
to ascertain the effect of corrosion on the elastic modulus of reinforcing bars. 
 
Figure 6.9 Effect of corrosion on Young´s modulus 
6.3.3 Mechanical models 
Numerical models for predicting the mechanical properties of corroded bars are usually based 
on linear expressions that describe the reduction of apparent yield and ultimate strength (and 
ultimate or fracture strain) as a function of average corrosion loss. The models are generally 
of the following type (Lee et al, 2009): 
𝑓𝑦 = (1.0 −  𝛽𝑦 ∙ 𝑄𝑐𝑜𝑟𝑟) ∙ 𝑓𝑦0  
 
(78) 
𝑓𝑢 = (1.0 −  𝛽𝑢 ∙ 𝑄𝑐𝑜𝑟𝑟) ∙ 𝑓𝑢0 
 
(79) 
𝜀𝑢 = (1.0 −  𝛽𝑒 ∙ 𝑄𝑐𝑜𝑟𝑟) ∙ 𝜀𝑢0 
 
(80) 
𝜀𝑓 = (1.0 −  𝛽𝑓 ∙ 𝑄𝑐𝑜𝑟𝑟) ∙ 𝜀𝑓0 
(81) 
Where 𝑄𝑐𝑜𝑟𝑟 is the level of corrosion of the reinforcement measured as percentage mass or 
volume loss, 𝛽𝑦, 𝛽𝑢, 𝛽𝑒 and 𝛽𝑓   are parameters depending on several factors such as the type 
of corrosion exposure, the type of rebar (plain or ribbed) or the bar diameter and 𝑓𝑦0, 𝑓𝑢0, 𝜀𝑢0 
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and 𝜀𝑓0 are the apparent yield stress, apparent ultimate stress, ultimate elongation and fracture 
elongation of the non-corroded bars.  
Table 6.2contains values of 𝛽𝑦 ,𝛽𝑢 (𝑜𝑟𝛽𝑓  ) and 𝛽𝑒 as calculated from representative studies 
presented in the preceding section through regression analysis.  In general, an acceptable 
degree of consistency has been found for the model parameters considering the difference in 
their respective test conditions.  
Table 6.2 Mechanical model parameters from previous graphs 
Authors 
Apparent (A) 
Effective (E) 
strength 
Corrosion 
up to (%) 
𝜷𝒚 𝜷𝒖 𝜷𝒆 ( 𝜷𝒇 ) 
Almusallam (2001) A 80 - 0.01 (0.02) 
Apostolopoulos et al (2006) A 30 0.02 0.01 (0.02) 
Papadopoulos et al (2007) A 9 0.02 0.02 0.03 (0.04) 
Apostolopoulos et al (2008) A 16 0.01-0.004 0.01 (0.04-0.06) 
Lee et al (2009) A 35 0.005-0.02 - - 
Zhang et al (2012) A 30 0.01 0.01 - 
Apostolopoulos et al (2013) A 14 0.01-0.02 0.02 (0.05-0.09) 
 
An alternative approach is suggested by Du et al (2007) who modelled the mechanical 
properties of corroded rebars based on a highly idealised configuration of corrosion attack 
(Fig. 1.10), where 𝑑0 is the original cross-section of the rebar,𝑥 and 𝑥𝑚𝑎𝑥 are the average and 
maximum corrosion penetrations, 𝐴𝑠,𝑎𝑣𝑒 = 𝜋 ∙ (𝑑0 − 2 ∙ 𝑥)
2/4 and 𝐴𝑠𝑚𝑖𝑛 = 𝜋 ∙ (𝑑0 − 2 ∙
𝑥𝑚𝑎𝑥)
2/4 are the average and minimum cross-sectional corroded areas and 𝜂 is the ratio 
between 𝑥𝑚𝑎𝑥and 𝑥𝑚𝑖𝑛.  Yield and ultimate strengths for corroded bars,𝑓𝑦  and 𝑓𝑢, were 
defined based on the assumption that when a corroded rebar reached its yield or ultimate 
forces, 𝑁𝑦 and 𝑁𝑢, the maximum stresses at the minimum residual cross-section 𝐴𝑠𝑚𝑖𝑛 were 
equal to those of uncorroded bars, 𝑓𝑦0 and 𝑓𝑢0: 
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𝑁𝑦 = 𝑓𝑦0 ∙ 𝐴𝑠𝑚𝑖𝑛 = 𝑓𝑦0 ∙
𝜋
4
∙ (𝑑0 − 2 ∙ 𝑥𝑚𝑎𝑥)
2 →  𝑓𝑦 =
𝑁𝑦
𝐴𝑠
= 𝑓𝑦0 ∙ (
𝑑0 − 2 ∙ 𝜂 ∙ 𝑥
𝑑0 − 2 ∙ 𝑥
)
2
 
(82) 
𝑁𝑦 = 𝑓𝑢0 ∙ 𝐴𝑠𝑚𝑖𝑛  →  𝑓𝑢 =
𝑁𝑢
𝐴𝑠
= 𝑓𝑢0 ∙ (
𝑑0 − 2 ∙ 𝜂 ∙ 𝑥
𝑑0 − 2 ∙ 𝑥
)
2
 
(83) 
 
Figure 6.10 Analytical model for corrosion (Du et al., 2007) 
The total elongation was defined as: 
∆𝑒 = 𝜀𝑠𝑢0 ∙ 𝐿𝑚𝑖𝑛 + 𝜀𝑆 ∙ (𝐿 − 𝐿𝑚𝑖𝑛) 
(84) 
Where 𝜀𝑠𝑢0 is the ultimate strain of non-corroded reinforcement, 𝐿𝑚𝑖𝑛is the length over which  
the minimum residual section of corroded reinforcement is found, 𝜀𝑆 is the strain of corroded 
reinforcement over the length of its section 𝐴𝑠 based on its average attack penetration and 𝐿is 
the measured length of the corroded reinforcement. 
It should be noted that this model presents a highly idealised geometry of corroded bars where 
the minimum cross-sectional area coincides with the point of maximum corrosion 
penetration. Although the model was validated against a series of machined bars, where the 
geometry was forced to comply with this requirement, it fails to explain the real behaviour of 
corroded rebars. This, as will be detailed in section 6.5.5, is due to the fact that, in a notable 
number of cases, the minimum cross-section and the point of maximum corrosion depth do 
not coincide.  
Stewart (2009), based on the Val & Melchers (1997) cross-sectional loss model, proposed the 
following model for the apparent yield strength of corroded bars: 
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𝑓𝑦 = (1.0 − 𝛼𝑦 ∙
𝐴𝑝𝑖𝑡
𝐴𝑠
) ∙ 𝑓𝑦0 
(85) 
where 𝐴𝑝𝑖𝑡(𝑡) has been explained  in Chapter 2, 𝐴𝑠is the nominal area of the rebar, and 𝛼𝑦 is 
an experimental parameter reported to be around 0.005. Commonly, for structural assessment, 
bilinear models with strain hardening are used to represent the stress-strain curve of corroded 
bars. These models consist of a linear elastic part represented by Young’s modulus and a 
linear plastic hardening part represented by Young’s modulus reduced by 100 to 1000. 
However, Kim et al. (2009) suggested that the well known bilinear model was not applicable 
to corroded bars. This was based on results which showed that a reduction in the elastic 
modulus of a corroded bar does not generate a corresponding reduction in strain hardening. 
Therefore, they suggested a model which consisted of a linear equation for the linear elastic 
part, defined by the elastic modulus, as in the previous case, and two zonal exponential 
models for the parts from the yield point to the starting point of strain hardening, and from 
the latter to the ultimate strength point. In the absence of substantial test data, these models 
remain largely conjectural.  
 
6.4 Experimental Set up 
Tensile tests were carried out using the reinforcing bars, whose accelerated corrosion and 
measurement process has been presented in Chapter 3. The goal was to obtain the mechanical 
properties (namely yield, ultimate and fracture stress/strain) of the rebar specimens, as well 
as their general stress-strain diagram. The tensile tests were conducted in accordance with the 
Standard Test Methods for Tension Testing of Metallic Materials (ASTM International, 
2013c). 
The tests were performed using an Instron hydraulic system with a capacity of 600 kN. 
Control of the testing system was carried out via Instron Bluehill software (Figure 6.11). The 
machine conformed to the requirements from the Standard Practices for Force Verification 
of Testing Machines (ASTM International, 2013b). Clamping of the specimens was done 
using wedge grips, ensuring the entire serrated length on both wedges was in contact with the 
specimen in order to mitigate the effect of bending stresses.  
The test was conducted under displacement control. According to the ASTM standard, the 
rate of straining (a.k.a. speed of testing) has to be maintained at 0.015±0.006 mm/mm/min. 
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For a testing length of 190mm, which is the corroded bar length, this value gives a range 
between 1.7 and 4 mm/min. The speed of testing was therefore set to a reasonable 2 mm/min.  
Load was measured with the load cell of the testing machine and displacement was recorded 
by the testing machine’s internal LVDT and an external electrical extensometer mounted on 
the specimen. The static axial clip-on extensometer, complying with the standard 
requirements (ASTM International, 2013a) , had a gauge length of 25 mm and an axial travel 
of 5 mm and was used to record elastic elongation  before any yielding was reached. It was 
located around the region of maximum cross-sectional area loss. The internal LVDT was used 
to measure the elongation of the Specimen throughout the loading range. Both the load cell 
and the extensometer were calibrated at the start of each new test (Figure 6.11). The accuracy 
of the load cell was down to 1/500th of its capacity, i.e. 1kN, while the accuracies of the 
LVDT and the electrical extensometres exceeded 1% of the strain. Initially, five pristine 
rebars were tested to determine their mechanical properties and the results are presented in 
Table 6.3. The precision of the derived properties, given the accuracy of the measuring 
apparatus, was down to approximately 1kN and 1% for the strengths and strains respectively.  
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(a) (d) (c) 
 
(d) (e) 
Figure 6.11 Example of tensile test; (a) General view of testing machine; (b) Rebar 
placed for testing; (c) Detail of extensometer around minimum cross-section; (d) 
Calibration of the extensometer; (e) Test control software 
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Table 6.3 Experimental tensile mechanical properties of uncorroded bars 
Specimen Elastic 
modulus 
(MPa) 
Apparent 
yield 
strength 
(MPa) 
Apparent 
ultimate 
strength 
(MPa) 
Fracture 
elongation 
(mm) 
Fracture 
strain 
(%) 
#1 191292 310 455 80 42 
#2 205935 310 455 85 45 
#3 205292 316 455 92 48 
#4 213914 317 441 86 45 
#5 214494 416 497 62 33 
Average with #5 206185 334 461 81 45 
Average w/o #5 204108 313 451 85 35 
 
According to the JCSS statistical model for steel variability (Joint Committee on Structural 
Safety, 2000), the mean values and coefficients of variation of yield strength for steel grades 
and qualities given in EN 10025 with code specified yield strengths of up to 380 MPa are 
given by the expressions shown in Table 6.4 where: the suffix 𝑠𝑝is used for the code specified 
or nominal value for the variable considered and 𝛼, 𝑢 and 𝐶 are factors taking values of 1, -
1.75 and 20 respectively for the steel grade used here (see Chapter 3). Thus, the mean values 
for yield and ultimate strengths of the grade tested here are about 290 and 435𝑁 𝑚𝑚2⁄  
respectively with associated standard deviations circa 20 and 18 𝑁 𝑚𝑚2⁄ . Hence, the values 
of 416.3 and 497.01 18 𝑁 𝑚𝑚2⁄ of specimen #5 should be considered as statistical outliers 
(European Committee For Standardization, 2004). 
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Table 6.4 Mean and COV values of yield strength (Joint Committee on Structural  
Safety, 2000) 
Property Mean Value, E[ . ] COV, 𝒗 EN 10025 – 2:2004 
𝑓𝑦  𝑓𝑦𝑠𝑝 ∙ 𝛼 ∙ 𝑒𝑥𝑝 (−𝑢 ∙ 𝑣) − 𝐶 0.07 Min 275 
𝑓𝑢 𝐵 ∙ 𝐸[𝑓𝑦] 0.04 410 to 560 
6.5 Experimental results 
This section presents a summary of the experimental results, with emphasis on the influence 
of corrosion on tensile behaviour. 
The engineering stress is estimated as P/A, where P is the axial load obtained from the load 
cell of the testing machine and A is the cross-sectional area (nominal or average corroded for 
apparent or effective strengths respectively), while the engineering strain is computed from 
the LVDT or extensometer as ΔL/L, over the relevant length, as described in section 6.4. 
Figure 6.12 shows a representative stress-strain curve.  
Figure 6.13 presents the effective stress-strain curve for a number of representative bars with 
different levels of corrosion. Although these curves will be studied in detail later in this 
section by the extraction of their main parameters, it is possible observe visually that the 
increase in the level of corrosion has an effect on the ductility and load bearing capacity of 
the rebar.  
 
Figure 6.12 Typical stress-strain diagram for a steel specimen in tension 
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Figure 6.13 Effective Stress-Strain curves for a number of corroded bars 
6.5.1 Elastic modulus 
The elastic modulus was estimated in the elastic load range from 20 to 40 kN based on the 
average cross-sectional area of the corroded bars.  
Figure 6.14 depicts the relationship between the elastic modulus with average corrosion level. 
There seems to be no effect on the elastic modulus, certainly when the corrosion level is up 
to 10%. Even beyond that value, the results are inconclusive, partly due to the small number 
of specimens in the 10-20% range. As discussed in section 6.3.1.2, previous studies are also 
limited. Therefore, it can only be stated that for a corrosion level up to 20%, its effect on 
Young’s modulus is negligible.  
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Figure 6.14 Corrosion effect on elastic modulus 
6.5.2 Yield and ultimate strengths 
The load corresponding to material yield was determined from the load-elongation curve. 
This was done using the autographic diagram method which consists on constructing a load-
strain (or load-elongation) diagram from which the upper and lower yield loads are 
determined (upper yield load is the maximum force at the onset of the yielding and lower 
yield load is the minimum load recorded during the yielding of the material). The yield 
strength was calculated as the ratio between the average yield load, i.e. average of the upper 
and lower yield load, and the nominal cross-sectional area (apparent) or corroded cross-
sectional area (effective). Both the strains/elongations at the initial and final points of the 
yielding plateau were also recorded and the length of the plateau derived accordingly. 
The change of effective yield strength with corrosion level is presented in Figure 6.15a and 
b. In the former, the outlier result from specimen #5 is included, whereas in the latter it is 
excluded. The absence of correlation (determined through the coefficients of determination 
obtained from regression analyses) suggest that the effective yield strength remains the same 
throughout the range of corrosion level considered (i.e. up to 20%).  
Figure 6.16a and b present the corresponding results for the apparent yield strength 
dependency on corrosion level. The results clearly demonstrate that the apparent yield 
strength decreases with increasing corrosion level, which, in the light of the previous two 
graphs, is solely the result of geometric factors (i.e. smaller cross-sectional area).  For a better 
visualization of the corrosion effect on apparent yield strength, Figure 6.17a and b show the 
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apparent yield strength ratio to that of the non-corroded bars at different corrosion levels 
(once more with and without the outlier). The normalising value for the non-corroded case 
was calculated as the average value for the five (or four) pristine bars.   
 
  
  
(a) (b) 
Figure 6.15 Corrosion effect on effective yield strength (a) with and (b) without outlier 
  
(a) (b) 
Figure 6.16 Corrosion effect on apparent yield strength (a) with and (b) without 
outlier 
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(a) (b) 
Figure 6.17 Corrosion effect on apparent yield strength ratio (a) with and (b) without 
outlier 
 
Ultimate tensile strengths were determined from the point of maximum load divided by the 
cross-sectional area, i.e. nominal uncorroded area for apparent values and average corroded 
area for effective values.  
The effect of corrosion level on effective ultimate strength is shown in Figure 6.18. The 
coefficients of determination indicate relatively low correlation between corrosion level and 
effective ultimate strength, though the values are higher than their counterparts for yield 
strength. In this respect, it is arguable that a weak negative effect might be present, though, 
to counter that, for some cases the ultimate strength of the corroded rebar is higher than that 
of a non-corroded one. The majority of these cases can be explained given the physical 
variability of this property,with one exception for rebar 10.3 (2.7% corrosion), whose ultimate 
strength is significantly different and can be classified as a statistical outlier. As for the 
apparent ultimate strength, the results show very similar trends to those described earlier for 
the apparent yield strength (see Figure 6.19 and Figure 6.20). 
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(a) (b) 
Figure 6.18 Corrosion effect on effective ultimate strength (a) with and (b) without 
outlier 10.3 
 
  
(a) (b) 
Figure 6.19 Corrosion effect on apparent ultimate strength (a) with and (b) without 
outlier 
  
(a) (b) 
Figure 6.20 Corrosion effect on apparent ultimate strength ratio (a) with and (b) without 
outlier 10.3 
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6.5.3 Yield plateau 
The length of the yield plateau is generally a function of the steel grade. High-strength, high-
carbon grades of steel tend to exhibit shorter yield plateaus than low-strength low-carbon 
steel grades. Moreover, cold-working can cause the reduction of the yield plateau so that 
strain hardening starts immediately after the start of yielding. Figure 6.21 shows the effect of 
corrosion on the length of the yield plateau for the rebars tested in this study.  Considering 
the wide variability in the results and the fact that the number of samples with relatively low 
levels of corrosion is much larger compared to that in the higher levels it seems reasonable to 
suggest that the length of the yield plateau is not influenced by the corrosion level. Available 
results for the effect of corrosion on the length of the yield plateau are reduced to a study by 
Zhang et al. (2010) for machined defects simulating corrosion levels up to 40%. Their data 
showed a reduction in the length of yield plateau with increasing maximum corrosion  losses, 
i.e. area losses at the minimum cross-section of the rebars. However, from the observation of 
their results it was detected that the reduction effect was not too significant for corrosion 
levels up to  20%. Notwithstanding the differences regarding the origin of the defects, their 
results are in agreement with those found here. 
 
Figure 6.21 Effect of corrosion on the length of yield plateau 
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6.5.4 Ductility 
Ductility, which is a measure of the ability of the material to deform plastically before 
fracturing, is one of the most important properties of structural steel. Ductility can be 
quantified through ultimate elongation, 𝜀𝑢, or in terms of the ratio between the ultimate tensile 
strength and the yield strength,  𝑟 = 𝑓𝑢 ⁄ 𝑓𝑦 . Various standards including CEB-FIB Model 
Code 2010 (Comite Euro-International du Beton, 2010)  state that the strength ratio should 
not be below 1.1 and the ultimate elongation should be higher than 6%. On the other hand, 
earthquake-resistant design provisions use as a measure of in-plane ductility the ratio between 
ultimate and yield elongation,  𝑚 =  𝜀𝑢 𝜀𝑦⁄ (Newmark & Hall, 1982). EN 1993 Eurocode 3 
(European Committee For Standardization, 2005) states ductility requirements for the three 
previous measures:  
-  𝑓𝑢 ⁄ 𝑓𝑦  ≥ 1.1; 
- elongation at failure not less than 15%; 
-   𝜀𝑢 𝜀𝑦⁄ ≥ 15. 
Figure 6.22 and Figure 6.23 show the effect of corrosion on the ultimate and fracture 
elongations/strains respectively. The linear trend lines fitted to the data show an important 
reduction of these properties with increasing average corrosion level. These results are in line 
with those from studies found in the literature. It was also observed that two of the rebars, 4.1 
(8.6%) and 9.3 (18.3%) presented a fracture strain lower than the required 15% and 4 rebars, 
4.1,9.3, 2.6 (7.1%) and 4.3 (11.6%) also had an ultimate strain lower than that value. As can 
be seen from Figure 6.25, the strain in finite length segments with reduced cross-sectional 
area can lead to a reduction in the observed fracture strain, εf, over a particular gauge length:  
𝜀𝑓 =  
𝜀1 + 𝜀2 + 𝜀3 + ⋯ + 𝜀𝑓 + ⋯
𝑁
=  
∑ 𝜀𝑖𝑖
𝑁
 
(86) 
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(a) (b) 
Figure 6.22 Effect of corrosion on ultimate (a) elongation and (b) strain 
  
(a) (b) 
Figure 6.23 Effect of corrosion on fracture (a) elongation and (b) strain 
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Figure 6.24 Reduction of fracture strain due to corrosion 
 
Fracture and ultimate elongation are sometimes used indistinctively. The use of fracture 
elongation as a measure of ductility presents the disadvantage that in reality it is composed 
of two parts, the uniform elongation, or ultimate elongation, that occurs before necking, and 
the localized elongation, or necking elongation, that takes place during necking. According 
to different experimental studies on round steel bar specimens, the necking elongation 
depends on the specimen shape (e.g. Matic et al., 1988; Yuan et al., 2013). However, no study 
has analysed the impact of corrosion on the elongation after necking on reinforcing bars. 
Figure 6.25 shows that, although not presenting such a strong correlation with the degree of 
corrosion, the necking elongation appears to decrease with increasing corrosion level, i.e. 
with decreasing average cross-sectional area. This is in agreement with results by Gupta & 
Ambasht (1982) for aluminium and copper round bars which showed that the deformation 
length after necking increased linearly with the diameter. This provides an indication of 
increased britleness in the fracture of the more highly corroded rebars.  
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Figure 6.25 Effect of corrosion on the necking elongation 
 
Figure 6.26 and Figure 6.27 depict the strain and apparent strength ratio variation with 
corrosion level. The strain ratio, m,  decreases drastically with an increasing level of 
corrosion, which, as observed in the previous figures, is mainly due to the reduction of the 
ultimate elongation at higher corrosion levels. On the other hand, the strength ratio, r, does 
not appear to be affected by increasing corrosion. This indicates that the reduction of the 
apparent yield and ultimate strengths are equivalent, which is in accordance with the results 
seen in Figure 6.16 and Figure 6.19. This is in agreement with results seen in Apostolopoulos 
et al. (2013) and Kashani et al. (2013), though it contradicts results by Zhang et al. (2012).  
 
Figure 6.26 Effect of corrosion on strain ratio 
0 5 10 15 20
-5
0
5
10
15
20
25
% corrosion
N
ec
ki
ng
 e
lo
ng
at
io
n 
(m
m
)
 
 
R 
2
 = 0.42
 necking = 11.9 - 0.7* Corr (%)
0 5 10 15 20
0
5
10
15
20
25
30
35
% corrosion
S
tra
in
 ra
tio
, 
 
 
R 
2
 = 0.42
 = 19.61 - 0.83* Corr(%)
Mechanical Properties of Corroded Rebars 
 
   
                                                                                                                                                             224 
  
 
Figure 6.27 Effect of corrosion on strength ratio 
6.5.5 Study of critical points 
Previous studies have stated that the yield and ultimate strengths are controlled by the yielding 
of the point with the smallest cross-sectional area (Palsson & Mirza, 2002; Kim et al, 2009). 
Moreover, as discussed in section 1.2.5.5, some studies (e.g. Darmawan & Stewart, 2003; 
Stewart, 2004) have used models based on the maximum corrosion depth to calculate the 
effect of corrosion on the strength of corroded rebars. Although it is clear that the non-uniform 
distribution of corrosion pits along the length of steel rebars affects their mechanical 
properties, no analyses have been conducted to understand the implications from the use of 
these two different indicators, namely maximum corrosion depth and minimum cross-
sectional area. In the following, the relationship between tensile mechanical properties and 
the above indicators is assessed and compared, in terms of their correlation with the average 
corrosion level.   
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(a) 
  
(b) 
  
(c) 
Figure 6.28 Effect of critical points on (a) apparent yield strength (b) apparent ultimate 
strength and (c) ultimate elongation 
Figure 6.28 shows apparent yield and ultimate strengths and ultimate elongation as a function 
of minimum cross-sectional area and maximum corrosion depth. For ease of comparison 
Table 6.5 presents a summary of the results from the linear regression analysis of the 
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relationship of the average, maximum depth and maximum cross-sectional area loss with the 
said mechanical properties. It is observed that for apparent yield strength the influence from 
both minimum cross-sectional area and maximum corrosion depth is almost equal. This 
appears to be related to the fact that yield strength is linked to a uniform distribution of strains 
along the whole rebar length and hence, related to all the point in the rebar similarly. Ultimate 
elongation, however, presents a significantly stronger correlation with the maximum 
corrosion depth while the apparent ultimate strength presents a strong correlation with both 
minimum cross-sectional area and maximum corrosion depth. This is because both ultimate 
strength and elongation are affected by more localised effects occurring at critical points.  
Table 6.5 Linear regression results for the mechanical models using average corrosion 
depth 
Mechanical property 
Coefficient of determination (𝑹𝟐) 
Average corrosion  
(%) 
Maximum 
corrosion depth 
(𝒎𝒎) 
Minimum cross-
sectional area 
(𝒎𝒎𝟐) 
Apparent yield strength (𝑁 𝑚𝑚2⁄ ) 0.64 0.71 0.70 
Apparent ultimate strength (𝑁 𝑚𝑚2)⁄  0.67 0.69 0.80 
Ultimate elongation (mm) 0.67 0.81 0.75 
 
A further investigation is undertaken, following on from the results reported by Palsson & 
Mirza (2002), regarding the location of final fracture in relation to that of maximum cross-
sectional loss. In the aforementioned study only 49% of bars with corrosion level up to 10% 
fractured within a 25mm gauge containing the maximum cross-sectional loss. This value 
increases to 81, 70 and 79% for corrosion levels in the 10-20%, 20-30% and >30% ranges 
respectively. It should be recalled that, in this study, most of the specimens fall in the <10% 
group with a few in the 10-20% range. 
 
Table 6.6 describes the position of the fracture location in relation to the maximum cross-
sectional area loss and maximum corrosion depth. As reported in Chapter 2, locations of 
maximum corrosion depth and minimum cross-sectional area are only coincident in 29% of 
the rebars analyzed in this study. As for the fracture point, 32 (57%) rebars failed at their 
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minimum cross-section while 14 (25%) fractured at the location of the maximum corrosion 
depth and in only 9 (16%) of these cases the two points were coinciding. This means that the 
fracture point was associated with the maximum cross-sectional loss or the maximum 
corrosion depth in 37 out of the total 56 rebars (66%). The failure location of the remaining 
19 (34%) corroded rebars could not be correlated with either of these two critical points.  
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Table 6.6 Summary of relationships among critical points 
Rebar 
Maximum CSA loss same 
location as maximum 
corrosion depth?* 
Fracture at maximum 
corrosion depth location? ** 
Fracture at maximum CSA loss 
location?*** 
1.13 N N N 
1.14 N N Y 
1.15 N N Y 
2.1 N N Y 
2.2 N N Y 
2.3 N N Y 
2.4 N N N 
2.5 N N Y 
2.6 N N Y 
3.1 N N Y 
3.2 N N N 
3.3 N N N 
3.4 N Y N 
3.5 N N Y 
3.6 N N N 
4.1 Y Y Y 
4.2 Y Y Y 
4.3 N N Y 
4.4 N N N 
4.5 N N Y 
4.6 N N Y 
5.2 Y Y Y 
5.4 N N Y 
5.5 N N Y 
5.6 N N N 
6.2 Y N N 
6.3 Y N N 
6.4 Y Y Y 
6.5 N N Y 
6.6 Y Y Y 
7.1 Y Y Y 
7.2 N N Y 
7.3 Y Y Y 
7.4 N Y N 
7.5 N Y N 
7.6 Y N Y 
8.2 N N N 
8.3 N N Y 
8.4 Y N N 
8.5 Y N N 
8.6 N N Y 
9.1 Y Y Y 
9.2 N N N 
9.3 N N Y 
9.4 N Y N 
9.5 N N Y 
10.1 N N Y 
10.2 Y N N 
10.3 N N N 
10.4 Y N N 
10.5 N N N 
11.1 Y Y Y 
11.2 N N N 
11.3 N N Y 
11.4 N Y N 
11.5 N N N 
Summary of results 
16Y 
40N 
14 Y 
42 N 
32 Y 
24 N 
*     Y Maximum cross-sectional loss and maximum depth at the same location ; N otherwise 
**   Y Fracture took place at the maximum corrosion depth; N otherwise 
*** Y Fracture took place at the maximum cross-sectional loss; N otherwise 
 
Mechanical Properties of Corroded Rebars 
 
   
                                                                                                                                                             229 
  
For a visual interpretation of the previous table, Figure 6.29 depicts representative rebars with 
the locations of minimum cross-section (blue), maximum corrosion depth (red) and fracture 
(yellow) marked. The yellow line represents the fracture plane. There are five possible 
combinations: (a) that all three coincide, (b) that the minimum cross-section and the 
maximum corrosion depth are at the same location but fracture happens elsewhere, (c) that 
they are not at the same location and fracture occurs at the minimum cross-section, (d) that 
they are not at the same location and fracture occurs at the maximum corrosion depth and (e) 
that each of the three points occurs at a different location. Cases (b) and (e) are those for 
which the fracture location cannot be correlated with either the maximum cross-sectional area 
loss point or the maximum corrosion depth point. 
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(d) 
 
 
 
(e) 
Figure 6.29 Location of minimum cross-section, maximum corrosion depth and fracture 
point for representative rebars (a) 7.3 (8.4%), (b) 6.2 (3.2%), (c) 9.5 (17.6%), (d) 7.4 
(4.4%) and (e) 3.2 (5%) 
Knowing the relationship between the area at fracture and the two critical areas, namely the 
minimum cross-sectional area and that containing the maximum corrosion depth, could serve 
as a means of estimating possible fracture locations on a corroded rebar.  The main difficulty 
for the calculation of this relationship is to get an accurate measurement of the final area at 
the fracture point. The increased brittleness produced by corrosion changes the fracture mode 
from ductile, for uncorroded rebars, to brittle, for corroded ones. At the same time, and as can 
be observed from Figure 6.30, this produces more intricate fracture planes which complicate 
the calculation of the area at fracture. Here, a simplification has been used where the area at 
fracture is calculated as the average cross-sectional area over a 1 cm band comprising the 
fracture plane.   
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Figure 6.30 Representative fracture planes in (left) uncorroded and (right) corroded 
bars 
Figure 6.31a and b depict the relationship between area at fracture and (a) area at maximum 
corrosion depth and (b) minimum cross-sectional area respectively. From the observation of 
the coefficients of determination obtained from the regression analyses, it can be seen that, 
as expected, the area at fracture has a significantly higher correlation with the minimum cross-
sectional area. 
 
  
(a) (b) 
Figure 6.31 Relationship between area at fracture and (a) area at maximum corrosion 
depth (b) minimum cross-sectional area 
It is also possible to quantify the relationship between the area at the point of maximum 
corrosion depth and the minimum cross-sectional area. Clearly, the former is always equal to 
or larger than the latter. This relationship is useful for comparison with (or between) test 
results from previous studies.  
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Figure 6.32 Relationship between area at maximum corrosion depth and minimum 
cross-sectional area 
The degree of disparity between the fracture location and the point of maximum cross-
sectional loss or that containing the maximum corrosion depth is an indicator that could 
provide some insight into “how different” these two are. It can have two alternative 
definitions; (i) as a distance measured as the longitudinal separation between two points or 
(ii) as the percentage difference between the two areas.These two definitions were used to 
assess the divergence between location/area of fracture and maximum cross-sectional area 
loss positions, and that between fracture and maximum corrosion depth sites.The results show 
(Figure 6.33) that the area difference is more informative than the longitudinal distance as it 
allows for areas within a certain size to be identified as highly probable locations of fracture.  
When analyzing the graphs focusing on the divergence between fracture location and that of 
maximum corrosion depth (Figure 6.33a and Figure 6.33b), it is possible to see that, for the 
longitudinal distance there is only approximately a 30% probability that these points are less 
than 20 mm apart and around 15% probability that they are coincident. If the focus is set on 
the corresponding areas, there is approximately an 85% probability that these have less than 
5% difference (either smaller or larger). As regards to the difference between fracture and 
minimum cross-sectional areas (Figure 6.33c and Figure 6.33d), it appears that the probability 
that the two are separated less than 20 mm is of around 55% and the probability that their 
areas has a difference smaller than 2% is slighlty higher than 80%. A separate analysis on the 
relationship between the longitudinal distances/ area differences and the average corrosion 
level showed that neither was related to the latter. 
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(a) (b) 
  
(c) (d) 
Figure 6.33 Probability and cumulative probability plots of the (a, c) longitudinal and 
(b, d) area distances between critical points 
From all the above, although it is widely accepted that both yield and ultimate effective 
strengths are calculated using the average corroded area, it is interesting to understand the 
effect of using the cross-sectional area at the fracture location instead, as this could serve to 
clarify the characteristics of effective strength parameters. Figure 6.34and Figure 6.35 show 
the effect of using of area at fracture area for the calculation of the effective yield and ultimate 
strengths. It can be observed that the level of corrosion does not have an effect on the strengths 
calculated based on the area at fracture, which remain constant through the range of corrosion 
levels examined.  Hence, this observation reinforces the argument that effective strength 
(whether yield or ultimate) is unaffected by corrosion.  
0 20 40 60 80 100 120 140 160
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1
Distance from fracture to maximum corrosion depth (mm)
C
u
m
u
la
ti
v
e
 p
ro
b
a
b
il
it
y
 
 
-0.2 -0.15 -0.1 -0.05 0 0.05
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1
Area difference between fracture and maximum corrosion depth 
C
u
m
u
la
ti
v
e
 p
ro
b
a
b
il
it
y
 
 
0 20 40 60 80 100 120 140 160 180
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1
Distance from fracture to minimum cross-section (mm)
C
u
m
u
la
ti
v
e
 p
ro
b
a
b
il
it
y
 
 
-0.02 -0.01 0 0.01 0.02 0.03 0.04
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1
Area difference between fracture and minimum cross-sectional area
C
u
m
u
la
ti
v
e
 p
ro
b
a
b
il
it
y
 
 
Mechanical Properties of Corroded Rebars 
 
   
                                                                                                                                                             234 
  
 
Figure 6.34 Comparison between effective yield strength calculated at the average or at 
the fracture cross-sectional area 
 
 
 
Figure 6.35 Comparison between effective ultimate strength calculated at the average 
or at the fracture cross-sectional area 
6.5.6 Conclusions 
This chapter elaborates on the analysis of the mechanical properties of corroded rebars under 
tensile loading. It has been concluded that: 
 The effect of corrosion on reinforcing bars includes the loss of material and the 
production of corrosion products. These are in turn responsible for the reduction of 
bond between the rebars and the concrete, the cracking of concrete, the reduction of 
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the flexural strength and ductility and the change on the failure mode of the corroded 
RC members. Material loss is responsible for the reduction of the mechanical 
properties of the corroded rebars. 
 Amongst studies aiming at investigating the effect of corrosion on mechanical 
properties, two main approaches are discernible, namely apparent, based on the 
nominal geometry of the pristine bar, and effective, based on the corroded geometry.  
 Existing studies agree in that apparent yield and ultimate strengths gradually decrease 
as the corrosion level increases. However, significant scatter is observed in 
conclusions regarding their effective counterparts, i.e. as to whether they are or are 
not affected by corrosion.  
 Work studying the effect of corrosion on the ultimate elongation of the rebars has 
found that this property is dramatically reduced with increasing corrosion level.  
 Other mechanical properties such as strain hardening or elastic modulus have hardly 
been investigated and hence no strong statements can be made as to their change with 
corrosion.  
 From tensile tests on corroded rebars carried out in this research for average corrosion 
levels up to approximately 20%, there is a reduction on apparent yield and ultimate 
strengths. Strength ratio between apparent ultimate and yield strengths presents no 
change with increasing average corrosion level, which means that the rate of change 
in both strengths is the same. Effective values do not show correlation with corrosion 
degree and hence their assessment in terms of corrosion level is not relevant.  
 The study of strengths based on the fracture area suggests as with effective strengths 
a weak relationship with corrosion. In any case, the suggested decrease in effective 
strength with increasing corrosion level does not appear to be justified. 
 Apparent strength values are preferred to effective strength values due to their ability 
to cover everything to do with the corrosion process and its effect on mechanical 
properties.  
 Ultimate, fracture and necking elongations, for the studied corrosion levels, show an 
important decrease with increasing average corrosion level. Strain ratio between 
ultimate and yield elongations shows a decrease which is in line with the decrease in 
ultimate elongation. 
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 Elastic modulus and length of yield plateau do not depend on corrosion for the 
corrosion levels studied here.  
 Just under 70% of the fractures in corroded rebars for average corrosion levels up to 
20% are explained by critical points, namely minimum cross-sectional area and 
maximum corrosion depth. Hence, the fracture point on the remaining 30% needs to 
be explained by other means.  
 The assessment of the relationship between fracture and critical points by means of 
regression analysis and the study of their divergence in terms of area difference or 
inter-site distance allows the identification of possible fracture locations on the rebar.  
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7. Influence of Surface Pattern on 
Mechanical Properties 
 
7.1 Introduction 
As reviewed in Chapter 2, current assessment models for reinforced concrete structures are 
based on the assumption that the tensile properties of a corroded rebar are dependent on the 
maximum pit depth, or the maximum cross-sectional loss over an appropriately defined 
length. However, the experiments presented in Chapter 6 have shown that a notable fraction 
of the test sample fractured at points other than those corresponding to the maximum pit depth 
or cross-sectional loss. This chapter investigates whether the characterization of corrosion 
patterns can be used to improve the understanding of the tensile behaviour of corroded rebars, 
leading to improved assessment models. Figure 7.1 contrasts the proposed aproach with  
traditional counterparts in modelling the tensile behaviour of corroded rebars.  
 
Figure 7.1 Possible relationships between corrosion and tensile properties 
This chapter makes use of statistical methods (reviewed in Appendix B) to investigate the 
relationship between corrosion patterns and the tensile properties of corroded rebars. Initially, 
the relationships between quantifiers of corrosion pattern obtained in Chapters 4 and 5 and 
tensile properties are studied in isolation. However, non-spatial corrosion quantifiers based 
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on critical points, i.e. average corrosion level, maximum corrosion depth and minimum cross-
sectional area, are known to explain a large part of the corrosion-strength or corrosion-
elongation relationships. It would, therefore, be unrealistic to expect spatial pattern metrics 
to predict tensile properties better when studied in isolation, especially if they are constructed 
to be loosely orthogonal (i.e. to describe aspects of spatial configuration independent of 
average level). Hence, in the latter sections of this chapter, the spatial quantifiers are 
investigated in conjunction with non-spatial parameters to ascertain whether they can 
improve the predictive capability of current models, which are based solely on non-spatial 
quantifiers.  
All the analyses were undertaken after eliminating the values for the two outliers identified 
in Chapter 6, namely uncorroded rebar #5 and corroded rebar 10.3 (2.7% corrosion). 
Moreover, only some corrosion quantifiers can be defined for the reference case of 0% 
average corrosion, hence, only in those cases where this is possible, does the analysis include 
the data for the uncorroded rebars.   
7.2 Relationship between intensity features and tensile 
properties 
7.2.1 Strength properties 
As presented in Chapter 6, there is a negative correlation between apparent tensile strength 
and average corrosion level. The possible relationship between the reduction of strength and 
the pattern of the corrosion, expressed by Surface Parameters is addressed here. The apparent 
values of yield and ultimate strength are plotted against height, spatial, hybrid and functional 
parameters.  
For the height parameters only the case where the reference surface is the original non-
corroded surface is considered. As explained in Chapter 4, values measured from the surface 
of average corrosion represent a measure of dispersion or deviation from this average, rather 
than a measure of the value itself. Figure 7.2a shows that there is a linearly decreasing 
relationship between apparent yield strength and arithmetical mean height (𝑆𝑎). This is 
expected as the arithmetical mean height is an indicator of the average level of corrosion. As 
shown in Figure 7.2c, the same applies to the root-mean-square height (𝑆𝑞),with a better fit 
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as can be deduced from the 𝑅2 values.Figure 7.2e shows the relationship with maximum pit 
height (𝑆𝑣) The results show there is better correlation of apparent yield strength with 𝑆𝑣 than 
with 𝑆𝑎 and marginally better than that with 𝑆𝑞 . The fact that, from the two measures of 
central tendency, 𝑆𝑞  shows a better correlation with strength than the 𝑆𝑎, might be explained 
by the fact that the first measure is more sensitive to large corrosion depths and hence is more 
influenced by the maximum pit height. On the other hand, yield strength appeared to be 
independent of skewness and kurtosis when these parameters where studied in isolation, as 
deduced from the very low 𝑅2 values obtained, and, for this reason, these plots are not shown. 
The relationships with apparent ultimate strength follow the same trends as those for the 
apparent yield strength, with 𝑅2 values slightly higher than those discussed in the preceding 
paragraph (Figure 7.2b, d, f).  
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(e) (f) 
Figure 7.2 Relationship between Surface Parameters measured from non-corroded 
reference surface and (left) Apparent yield strength (right) Apparent ultimate strength 
Spatial parameters did not reveal a relationship with strength when studied in isolation. The 
texture aspect ratio,𝑆𝑡𝑟 , had a very low correlation with apparent yield or ultimate strengths, 
with its increase producing only a slight strength reduction. The absence of a linear correlation 
was even more evident in the plots against the fastest decay autocorrelation,𝑆𝑎𝑙. This means 
that the directionality of corrosion on a corroded rebar surface does not explain on its own 
the change in strength properties. 
Hybrid parameters, namely root mean square gradient, 𝑆𝑑𝑞 , and developed interfacial area 
ratio,𝑆𝑑𝑟 , produce a decrease in apparent yield and ultimate strengths, as shown in Figure 7.3 
and Figure 7.4 respectively. High corrosion levels lead to high gradients and also to low 
strength. Hence, high gradients are negatively correlated with strength.  
  
Figure 7.3 Relationship between Root Mean Square Gradient and Apparent Yield and 
Ultimate Strengths 
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Figure 7.4 Relationship between Developed Interfacial Area Ratio and Apparent Yield 
and Ultimate Strengths 
As regards to functional indexes, it was found that the surface bearing index,𝑆𝑏𝑖 , does not 
have a relationship with strength (𝑅2 values close to zero) when studied individually. 
However, the increase in core,𝑆𝑐𝑖, and valley,𝑆𝑣𝑖, fluid retention indexes produced a non- 
linear increase in both yield and ultimate strengths, captured by an exponential function as 
seen in Figure 7.5 and Figure 7.6. For both strengths, the correlation with 𝑆𝑐𝑖 is similar to that 
with 𝑆𝑣𝑖 , which can be interpreted as follows: the core corrosion, namely the corrosion depths 
between the 5 and the 80 percentiles of the corrosion depth distribution curve (the Abbott-
Firestone curve), exert similar influence on the strength reduction as the valley corrosion, i.e. 
corrosion depths between the 80 and 100 percentiles. This is an interesting conclusion as it 
suggests that generalised corrosion (core corrosion) and localised corrosion (valley corrosion) 
have similar influences on the apparent strength reduction of rebars. However, it should be 
noted that the R2 values are not particularly high, and that the non-linear curves are rather 
sensitive to a small number of bars. 
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Figure 7.5 Relationship between Core Fluid Retention Index and Apparent Yield and 
Ultimate Strengths 
  
Figure 7.6 Relationship between Valley Fluid Retention Index and Apparent Yield and 
Ultimate Strengths 
7.2.2 Strain properties 
The relationship between surface roughness parameters and ultimate elongation is studied in 
this section. As regards to height parameters, it was observed that, similarly to the 
observations related to the strength properties, both the skewness(𝑆𝑠𝑘) and the kurtosis (𝑆𝑘𝑢) 
are uncorrelated with elongation; however, elongation decreased with arithmetical mean 
height (𝑆𝑎), root-mean-square (𝑆𝑞) and maximum pit height (𝑆𝑣) as can be seen from Figure 
7.7.  
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(a) (b) 
  
(c) (d) 
  
(e) (f) 
Figure 7.7 Relationship between Surface Parameters measured from non-corroded 
reference surface (left) and from average reference surface (right) and Ultimate 
Elongation 
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Spatial parameters (i.e. texture aspect ratio,𝑆𝑡𝑟 , and fastest decay autocorrelation,𝑆𝑎𝑙), in 
isolation, did not show any relationship with ultimate elongation, as was the case with 
strength properties.  
As regards to hybrid parameters, Figure 7.8a and b depict the relationship between the 
ultimate elongation and the root mean square gradient,𝑆𝑑𝑞 , and the developed interfacial area 
ratio, 𝑆𝑑𝑟 . The linear relationship between the increase in 𝑆𝑑𝑞and 𝑆𝑑𝑟  and the decrease in 
ultimate elongation indicates that the higher the complexity in a surface, the lower its ultimate 
elongation will become.  
Figure 7.9a and b show the relationship between the functional parameters, i.e. core fluid 
retention index, 𝑆𝑐𝑖, and valley fluid retention index, 𝑆𝑣𝑖. As in the case with strength, 𝑆𝑐𝑖 and 
𝑆𝑣𝑖, present a non-linear relationship with elongation described by a power function. 
Notwithstanding the comments made in the preceding section about the sensitivity of these 
results, it would appear that the non-linear nature of the relationship between corrosion and 
functional quantifiers is present with regard to both strength and strain tensile properties. 
Finally, the relationship of the functional surface bearing index parameter, 𝑆𝑏𝑖, with ultimate 
elongation was also studied but showed very weak correlation. 
  
(a) (b) 
Figure 7.8 Relationship between (a) Root Mean Square Gradient and (b) Developed 
Interfacial Area Ratio and Ultimate elongation 
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(a) (b) 
Figure 7.9 Relationship between (a) Core Fluid Retention Index and (b) Valley Fluid 
Retention Index and Ultimate elongation 
7.3 Relationship between texture features and tensile properties 
The energy of the wavelet-based Detail sub-images from corrosion images has been identified 
in Chapter 4 as a good quantifier of corrosion texture. Hence, an option for image only-based 
tensile property prediction is to create a model that relates mechanical properties to sub-image 
energies. Two approaches can be followed: first, describing the mechanical properties as a 
function of a feature, F, defined as the weighted sum of the energies of the Detail sub-images, 
using as weights the coefficient estimates obtained in section 4.3.3.8, and second, defining 
mechanical properties directly as function of the Detail sub-image energies. The two 
approaches can be expressed as follows:  
𝑀𝑃 = 𝑓(𝐹) with 𝐹 = ∑ 𝒂𝒊 ∙ 𝐸𝑛𝑒𝑟𝑔𝑦𝑖
𝑖=5
𝑖=1
 
 
(87) 
𝑀𝑃 = ∑ 𝒃𝒊 ∙ 𝐸𝑛𝑒𝑟𝑔𝑦𝑖
𝑖=5
𝑖=1
 
 
(88) 
 
Figure 7.10 shows the results from applying the first approach, namely, the linear 
relationships between F and the mechanical properties. The dependent variable is taken as 
each of the tensile properties, i.e. apparent yield and ultimate strengths and ultimate 
elongation, whereas the independent variable is taken as feature F. Table 7.1presents a 
summary of the results obtained from this analysis.  
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(a) 
 
(b) 
 
(c) 
Figure 7.10 Relationship between F and (a) apparent yield strength loss; (b) apparent 
ultimate strength loss; and (c) ultimate elongation loss 
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Table 7.1 Analysis of texture influence on tensile mechanical properties 
Mechanical property Equation 𝑹𝟐 
Apparent yield strength (𝑁 𝑚𝑚2)⁄  𝑌. 𝑆. = 323.1 − 4.6 ∙ 𝐹 0.71 
Apparent ultimate strength 
(𝑁 𝑚𝑚2)⁄  
𝑈. 𝑆. = 474.8 − 8.6 ∙ 𝐹 0.74 
Ultimate elongation (𝑚𝑚) 𝐸𝐿. = 55.7 − 2.4 ∙ 𝐹 0.63 
 
The results from applying the second approach are summarised in Table 7.2. It is observed 
that the coefficients of determination are slightly different, however in the same line as those 
obtained before.  It can be noted that the use of the intermediate step, using the F feature, 
produces in general worse results than the direct correlation between mechanical properties 
and Detail sub-image energies, which is to be expected as the first approach introduces F as 
an intermediate variable.However, as the improvement in terms of  
𝑅2is really small, it may be concluded that the first approach is as good as the second. 
Table 7.2 Multiple linear regression analysis of texture influence on tensile mechanical 
properties 
Mechanica
l property 
 𝒂𝟎 𝒂𝟏 𝒂𝟐 𝒂𝟑 𝒂𝟒 𝒂𝟓 
Overall fit  
𝑅2̅̅̅̅  
p-
value 
Apparent 
yield strength  
(𝑁 𝑚𝑚2)⁄  
 
Coefficien
t estimates 
308.6 382.5 -505.8 -974.1 -476.5 308.5 
0.7
1 
0 
p-values 0 0.81 0.72 0.09 0.09 0.33 
Apparent 
ultimate 
strength 
(𝑁 𝑚𝑚2)⁄  
Coefficien
t estimates 
448.8 -463.9 -1323.3 -843.0 -652.0 -308.5 
0.7
6 
0 
p-values 0 0.86 0.57 0.37 0.15 0.55 
Ultimate 
elongation 
 (𝑚𝑚) 
 
Coefficien
t estimates 
49.8 914.4 -2031.5 118.6 153.8 -216.0 
0.6
6 
0 
p-values 0 0.35 0.02 0.72 0.34 0.25 
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7.4 Relationship between spatially continuous metrics and 
tensile properties 
Section 4.3.4 discussed the need for quantifiers based on first and second order statistics for 
describing the spatial process of corrosion on rebar surfaces. Kernel estimation and 
autocorrelation methods were presented as appropriate tools for this purpose. In particular, it 
is of interest to understand, through the application of these methods, the behaviour of critical 
points. These methods require the definition of an optimum window size, for which the 
relevant statistics could be evaluated. In turn, this poses questions regarding the criteria that 
might be applied to determine such an optimum. The answer to the first question depends on 
what these quantifiers are to be used for. In this case, the aim is to use the quantifiers for the 
study of their ability to explain the loss of strength and ductility of corroded rebars. This leads 
to the second question, i.e. how to select the optimum window size. A reasonable approach 
is to calculate the correlation between the value and the mechanical properties for all possible 
window sizes. The selected window radius will then be that which presents the highest 𝑅2. 
This procedure is applied in the following sections to both the kernel and autocorrelation 
analyses.  
7.4.1 Relationship between kernel estimation-based metrics and 
tensile properties 
Two window shapes were used to analyse the variation of the mean of the corrosion process: 
circular and stripe/cross-sectional. In order to evaluate the extent of the area which most 
importantly contributes to the change in the mechanical properties of corroded rebars, i.e. the 
optimum window size, the procedure described above was applied to the corrosion images. 
The process is schematically depicted in Figure 7.11. 
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Figure 7.11 Schematic description of the process to obtain the optimum window size in 
kernel estimation 
 
Mathematically, this process can be expressed as: 
𝑀𝑎𝑥𝑖𝑚𝑢𝑚 (𝜌(𝑀𝑎𝑥𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑉𝑎𝑙𝑢𝑒(𝑤𝑠), 𝑇𝑒𝑛𝑠𝑖𝑙𝑒 𝑝𝑟𝑜𝑝. )) 
Where 𝜌 is the correlation between two variables: 𝑀𝑎𝑥𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑉𝑎𝑙𝑢𝑒, which is the 
maximum mean corrosion depth value at a window of radius 𝑤𝑠 and 𝑇𝑒𝑛𝑠𝑖𝑙𝑒𝑝𝑟𝑜𝑝. which is 
the assessed mechanical property, e.g. ultimate elongation. The result produces 𝑤𝑠 = 𝑊𝑆, 
which is the window size at which the maximum correlation between the two variables 
occurs. 
 
Figure 7.12 shows the results from the application of this approach for both circular (left 
column, i.e. Figure 7.12 a, c and e) and stripe (right column, i.e. Figures b, d and f) windows. 
The blue line indicates the values of the coefficient of determination for the maximum depth 
(left column) and minimum cross-sectional area (right column) for comparison with 
coefficients of determination obtained using varying window sizes. It can be observed that 
there is greater sensitivity towards a circular window, compared to a stripe window. Table 
7.3 presents the maximum correlation coefficients and their corresponding window radius for 
the circular window case. For the apparent yield strength, the coefficient of determination 
offered by maximum corrosion depth (point estimate) was𝑅2 =  0.71, while kernel 
estimation provides a better estimator using a circular window with 3 mm radius, achieving 
a correlation 𝑅2 =  0.78. In the case of apparent ultimate strength, the corresponding values 
are 𝑅2 =  0.69 for maximum corrosion depth (point estimate), while with kernel estimation 
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an 𝑅2 =  0.80 was reached. Finally, for the ultimate elongation, the maximum corrosion 
depth (point estimate) gave 𝑅2 =  0.81, which was equalled by using kernel estimation. These 
results show that strength reduction, both yield and ultimate, is better assessed by considering 
a critical region rather than a single point. In contrast, ultimate elongation is well described 
by a critical point. This may be explained on the basis that a reduction in ultimate elongation 
is associated with a more localised behaviour than a reduction in strength.  
  
(a) (b) 
  
(c) (d) 
  
(e) (f) 
Figure 7.12  Coefficients of determination (𝑹𝟐) for the maximum mean at varying 
window size for (a, b) (c, d) apparent yield strength and (e, f) apparent ultimate strength 
using a circular window (left) and a stripe window (right) 
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Table 7.3 Maximum correlation coefficients for the mean and their corresponding 
window sizes using circular window 
Mechanical Properties Maximum 𝑹𝟐 Window radius 
Apparent yield strength (𝑁 𝑚𝑚2⁄ ) 0.78 0 - 3 
Apparent ultimate strength (𝑁 𝑚𝑚2⁄ ) 0.80 0 - 19 
Ultimate elongation (mm) 0.81 0 
 
7.4.2 Relationship between spatial autocorrelation-based metrics and 
tensile properties 
The critical region obtained from the analysis using kernel estimation can be further inspected 
by analysing the correlation between the points inside the region or, in other words, their 
spatial dependence. The joint analysis considering first and second order properties of the 
corrosion spatial process can be undertaken following on from the results from the previous 
section. The autocorrelation at the central point of the window providing the maximum 
correlation with mechanical properties, obtained in the previous section, is calculated within 
that window. Subsequently, a multiple linear regression using maximum mean depth and 
autocorrelation at that point as independent variables and tensile properties as dependent 
variables is undertaken. This can mathematically be expressed as follows: 
𝑇𝑒𝑛𝑠𝑖𝑙𝑒 𝑝𝑟𝑜𝑝𝑒𝑟𝑡𝑦 = 𝑓(𝑀𝑎𝑥𝑀𝑒𝑎𝑛𝑉𝑎𝑙𝑢𝑒(𝑤𝑠 = 𝑊𝑆), 𝐴𝑢𝑡𝑜𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 (𝑤𝑠 = 𝑊𝑆)) 
The adjusted correlation coefficients from this analysis are presented in Table 7.4. Results 
show that this approach delivers a further improvement on previous approaches, using either 
single critical points or kernel estimation alone. This means that the introduction of first and 
second order properties on the analysis of the influence of maximum corrosion depth on 
tensile mechanical properties could lead to more robust correlations. It is worth noting that 
with this latest combined analysis, all three properties have attained an R2value above 0.8. 
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Table 7.4 Maximum coefficients of determination for an analysis using combined kernel 
and autocorrelation analysis 
Mechanical properties 𝑹𝟐 
Apparent yield strength 0.81 
Apparent ultimate strength 0.82 
Ultimate elongation 0.82 
7.5 Relationship between shape features and tensile properties 
The use of segmentation and shape parameters for corrosion texture description was discussed 
in Chapter 5. The relationship between shape parameters extracted using the different 
segmentation techniques presented in that chapter, namely global thresholding and watershed 
algorithm, and tensile mechanical properties is investigated in this section.  
The use of global thresholding on corrosion images allows obtaining population of pits from 
corroded rebars that can subsequently be modelled in terms of the probability distributions of 
the areas and volumes of those pits. In Chapter 5, the influence of corrosion on the pit area 
and volume distributions was assessed by undertaking a regression analysis between average 
corrosion levels and pit area/volume distribution parameters, i.e. mean, 𝜇, and standard 
deviation, 𝜎, for two different thresholds, namely t = 0.4 mm and t = 0.6 mm.  
Table 7.5 summarises the correlation analysis between tensile mechanical properties and the 
different distribution parameters at different thresholds. Results show that no strong 
correlation exists between individual shape features obtained from global thresholding and 
mechanical properties. 
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Table 7.5 Correlation coefficients for the probability distribution parameters of the area 
of the pits from global thresholding 
Mechanical Properties 
Area Volume 
t = 0.4  t = 0.6 t = 0.4  t = 0.6  
𝝁 𝝈 𝝁 𝝈 𝝁 𝝈 𝝁 𝝈 
Ultimate elongation 0.143 0.338 0.056 0.309 0.132 0.348 0.049 0.308 
Apparent yield 
strength 
0.205 0.453 0.103 0.273 0.187 0.470 0.089 0.288 
Apparent ult. strength 0.137 0.389 0.072 0.221 0.121 0.405 0.059 0.228 
The watershed algorithm was used in Chapter 5 to obtain pit populations from corroded 
rebars. Similarly to the case of global thresholding, the correlation between shape features 
obtained from watershed algorithm and average corrosion level was analysed. Two cases 
were studied; the first considering basins with contact points as being part of the same pit and 
the second considering them as independent pits. It was observed that the first case did not 
allow for the characterisation of defects at corrosion levels over 15%. Hence, only the second 
case was considered here.  As with the case of global thresholding,, when these quantifiers 
were considered in isolation, no strong correlation was found with mechanical properties.     
Table 7.6 Correlation coefficients for the probability distribution parameters of the area 
of the pits from watershed algorithm 
Mechanical Properties 
Area Volume 
t = 0.4  t = 0.6 t = 0.4  t = 0.6 
𝝁 𝝈 𝝁 𝝈 𝝁 𝝈 𝝁 𝝈 
Ultimate elongation 0.411 0.359 0.505 0.365 0.003 0.412 0.011 0.287 
Apparent yield strength 0.235 0.212 0.271 0.162 0.069 0.387 0.024 0.245 
Apparent ultimate 
strength 
0.256 0.114 0.293 0.075 0.037 0.329 0.012 0.163 
7.6 Effect of corrosion pattern on tensile mechanical properties 
In this section, the possibility of the metrics studied above to complement traditional non-
spatial parameters is investigated, in order to ascertain whether an improved explanation of 
the mechanical behaviour of the corroded bars can be established.  
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The conjecture tested herein is that three main quantifiers of corrosion (non-spatial and 
spatial) should be present in any modelling of mechanical properties: a metric to capture 
average corrosion effect, a second metric associatedwith critical points, and finally a third 
representing corrosion pattern. Since ultimate elongation is the tensile property mostly 
affected by corrosion, analysis is first undertaken for this. 
Initially, the joint effect of average corrosion degree and critical points is investigated. The 
average corrosion degree can be expressed in terms of the following metrics: average 
corrosion level in percentage mass-volume loss, arithmetical mean height (𝑆𝑎) and root-
mean-square height (𝑆𝑞). The critical corrosion points can be represented by the following 
metrics: maximum pit height (𝑆𝑣) or maximum corrosion depth, which are equivalent, and 
minimum cross-sectional area. Table 7.7 presents the results of the regression analysis using 
paired combinations of these two types of metrics. In section 6.5.5 it was observed that the 
highest coefficient of determination, 𝑅2= 0.81, was obtained when describing ultimate 
elongation as a function of maximum corrosion depth. The results obtained here, namely a 
maximum 𝑅2= 0.81, show that using a combination of critical points and average corrosion 
effects does not constitute an improvement. This is because the correlation between critical 
maximum and average corrosion is such that by considering the first, the influence of the 
latter is also accounted for.  
Table 7.7 Results of the regression analysis for the dependent variable Ultimate 
elongation and independent variables representing average corrosion and critical points 
 
Average effect % corrosion                   Arithmetical mean 
height (𝑺𝒂) 
Root-mean-square height 
(𝑺𝒒) Critical point 
Maximum depth/ Maximum pit 
height (𝑺𝒗) 
𝑅2̅̅̅̅ =0.81 
p-value (𝑆𝑣)= 0 
p-value (%corr)= 0.16 
 
𝑅2̅̅̅̅ =0.81 
p-value (𝑆𝑣)= 0 
p-value (𝑆𝑎)= 0.67 
𝑅2̅̅̅̅ =0.81 
p-value (𝑆𝑣)= 0 
p-value (𝑆𝑞)= 0.28 
Minimum cross-sectional area 
𝑅2̅̅̅̅ =0.71 
p-value(Min CSA)= 0 
p-value (%corr)= 0 
 
𝑅2̅̅̅̅ =0.71 
p-value(Min CSA)= 0 
p-value (𝑆𝑎)= 0 
𝑅2̅̅̅̅ =0.77 
p-value(Min CSA)= 0 
p-value (𝑆𝑎)= 0 
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Subsequently, the use of critical points together with corrosion pattern quantifiers was 
investigated. So that the corrosion pattern metrics better complement critical points, which 
are highly related to the average corrosion level, it is logical to look for those in the latter 
category that are not highly correlated with average corrosion. Hence, those parameters that 
have shown a lower correlation with corrosion and, hence, a lower relationship with 
mechanical properties, when considered in isolation, should be targeted.  
The effect of combining pit shape quantifiers with critical points was studied and results are 
presented in Table 7.8. Results show that combining minimum cross-sectional area or 
maximum corrosion depth with pit shape quantifiers to model elongation produces diverse 
results, i.e. it can reduce, increase or not have an effect on the coefficient of determination, 
depending on the critical point and the shape metric. Moreover, the addition of a new variable 
to a model can be or not be significant. The highlighted boxes in Table 7.8 are those where 
an increase of coefficient of determination is produced and all the metrics in the model are 
significant at the 95% confidence level, .i.e. their p-values are higher than 0.05 and hence 
they contribute to the explanation of the dependent value, here the ultimate elongation. It can 
be seen that the shape metrics that consistently produce the best results in combination with 
the minimum cross-sectional area are those produced using the watershed algorithm where 
the pits are considered separately. In the case of maximum corrosion depth, the combination 
with shape quantifiers did not show any significant improvement in the coefficient of 
determination, apart from a single case. 
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Table 7.8 Results of the regression analysis for the dependent variable Ultimate 
elongation and independent variables representing critical points and shape quantifiers 
 
Shape 
quantifiers 
Global thresholding 
Area Volume 
Critical 
points 
t = 0.4 t = 0.6 t = 0.4 t = 0.6 
𝝁 𝝈 𝝁 𝝈 𝝁 𝝈 𝝁 𝝈 
Maximum 
depth/ 
Maximum 
pit height 
(𝑺𝒗) 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.35 
 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.44 
 
 
𝑅2̅̅ ̅=0.82 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.16 
 
 
𝑅2̅̅ ̅=0.82 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.12 
 
 
𝑅2̅̅ ̅=0.82 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.15 
 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.45 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.28 
 
 
𝑅2̅̅ ̅=0.82 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.16 
 
Minimum 
cross-
sectional 
area 
 
𝑅2̅̅ ̅=0.77 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.25 
 
 
𝑅2̅̅ ̅=0.76 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.80 
 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0 
 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0 
 
 
𝑅2̅̅ ̅=0.76 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.78 
 
 
𝑅2̅̅ ̅=0.76 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.90 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0 
 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0 
 
Shape 
quattifiers 
Watershed algorithm (separated pits) 
Area Volume 
Critical 
points 
t = 0.4 t = 0.6 t = 0.4 t = 0.6 
𝝁 𝝈 𝝁 𝝈 𝝁 𝝈 𝝁 𝝈 
Maximum 
depth/ 
Maximum 
pit height 
(𝑺𝒗) 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.35 
 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.44 
 
 
𝑅2̅̅ ̅=0.82 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.16 
 
 
𝑅2̅̅ ̅=0.82 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.12 
 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.30 
 
 
𝑅2̅̅ ̅=0.82 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.06 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.33 
 
 
𝑅2̅̅ ̅=0.82 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0.03 
 
Minimum 
cross-
sectional 
area 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0 
 
 
𝑅2̅̅ ̅=0.82 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0 
 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0 
 
 
𝑅2̅̅ ̅=0.84 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0 
 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0 
 
 
𝑅2̅̅ ̅=0.83 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0 
 
𝑅2̅̅ ̅=0.81 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0 
 
 
𝑅2̅̅ ̅=0.83 
p-value(Min 
CSA)= 0 
p-value (𝜎)= 
0 
 
 
Finally, the effect of combining intensity quantifiers with critical points was studied. Only in 
the case of minimum cross-sectional area did the combination with intensity quantifiers 
register an improvement in the coefficient of determination. From all the cases, only the root 
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mean square gradient showed a significant fit. In addition, skewness and developed interfacial 
area ratio showed fits which were barely significant at a 95% level (see Table 7.9). 
Table 7.9 Results of the regression analysis for the dependent variable Ultimate 
elongation and independent variables representing critical points and intensity 
quantifiers 
 Skewness 
(𝑺𝒔𝒌) 
Kurtosis 
(𝑺𝒌𝒖) 
Fastest decay 
autocorrelation 
length (𝑺𝒂𝒍) 
Texture 
aspect ratio 
(𝑺𝒕𝒓) 
Root mean 
square 
gradient 
(𝑺𝒅𝒒) 
Developed 
interfacial 
area ratio 
(𝑺𝒅𝒓) 
Maximum 
depth/ 
Maximum 
pit height 
(𝑺𝒗) 
𝑅2̅̅̅̅ =0.73 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.50 
 
𝑅2̅̅̅̅ =0.73 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.26 
𝑅2̅̅̅̅ =0.73 
p-value(Min CSA)= 
0 
p-value (𝜇)= 0.60 
 
𝑅2̅̅̅̅ =0.74 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.34 
𝑅2̅̅̅̅ =0.76 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.03 
𝑅2̅̅̅̅ =0.75 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.06 
Minimum 
cross-
sectional 
area 
𝑅2̅̅̅̅ =0.75 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.07 
 
𝑅2̅̅̅̅ =0.75 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.10 
 
𝑅2̅̅̅̅ =0.74 
p-value(Min CSA)= 
0 
p-value (𝜇)= 0.53 
 
𝑅2̅̅̅̅ =0.74 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.60 
 
𝑅2̅̅̅̅ =0.76 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.01 
 
𝑅2̅̅̅̅ =0.75 
p-value(Min 
CSA)= 0 
p-value (𝜇)= 
0.08 
 
 
7.7 Summary and conclusions 
This chapter has analysed the effects of spatial corrosion quantifiers on tensile mechanical 
properties of the corroded rebars. The conclusions of this chapter are: 
 Non-spatial corrosion quantifiers based on critical points are able to explain a large 
part of the corrosion-strength and corrosion-elongation relationships. Only spatial 
pattern metrics presenting a strong correlation with average corrosion levels are able 
to predict tensile properties at a comparable level when studied in isolation, i.e. the 
arithmetical mean height (𝑆𝑎), root-mean-square height (𝑆𝑞), maximum pit height 
(𝑆𝑣), root mean square gradient (𝑆𝑑𝑞 )and developed interfacial area ratio (𝑆𝑑𝑟),. Some 
spatial metrics which are weakly related to average corrosion level, namely texture 
aspect ratio (𝑆𝑡𝑟), fastest decay autocorrelation (𝑆𝑎𝑙), skewness (𝑆𝑠𝑘) and kurtosis 
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(𝑆𝑘𝑢), however, are a good complement to traditional non-spatial corrosion 
quantifiers. 
 From the studied metric combinations, two models appear to give the best 
performance: those using first and second order statistics and those considering 
minimum cross-sectional area together with shape quantifiers extracted using 
watershed algorithm with pit separation. 
 For image only-based tensile property prediction, the energy quantifiers of the 
wavelet-based Detail sub-images from corrosion images have been identified as a 
good approach to quantify corrosion pattern. 
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8. Conclusions and Future work 
8.1 Introduction 
It is currently accepted that the complex spatial pattern of corrosion of steel rebars can be 
succinctly summarized by the maximum or the average cross-sectional area reduction. These 
two variables are generally used in models that predict the impact of corrosion on the 
mechanical performance of corroded bars.  However, it is evident from the predictive 
capability of such models that the reduction in the values of mechanical properties is also 
influenced by additional factors. A more involved characterization of pattern or spatial 
distribution of corrosion could potentially improve the models as well as our understanding 
of the relationship between corrosion and rebar mechanical properties.  Nonetheless, there 
have been no systematic studies on reinforcing bars exploring this hypothesis. The thesis 
follows a laboratory experimental approach to the hypothesis and finds that advanced spatial 
analysis indeed helps understanding the effects of chloride-induced corrosion on the tensile 
mechanical properties of reinforcement bars. 
Obtaining detailed corrosion depth data is a challenging task. Chloride-induced corrosion is 
characterised by its localised appearance in the form of defects with varied shapes. These 
have traditionally been manually measured using tools such as calipers or micrometers. 
However, these types of measuring approaches do not lend themselves to a systematic study 
of corrosion’s spatial structure. To address this shortcoming, a measuring methodology based 
on the use of a 3D laser scanner has been developed in this research. The post-processing of 
the scanned surfaces of the corroded bars allows the systematic recording of corrosion depth 
measurements at regular intervals over the entire surface of the bars. However, identifying a 
sufficiently large and homogeneous sample of naturally corroded rebars that were comparable 
to one another was not possible for a number of reasons, such as variable micro-environments 
on different parts of a structure, the existence of nominally identical or similar designs, the 
uniformity of concrete covers etc; therefore, artificially corroded rebars were used instead, 
recognizing the limitations that such a study design poses. A bank of corroded rebars was 
created using a well-established accelerated corrosion technique under controlled laboratory 
conditions. The database of corrosion depth measurements obtained by the application of the 
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measuring methodology to this bank of rebars was used for the analysis of corrosion patterns 
in the present thesis. However, the existence of such a measurement database can act as a 
catalyst for further efforts to collect experimental and field data, leading to further studies on 
corrosion modelling and performance assessment. 
A wide variety of methods to quantify spatial pattern exists and this thesis makes use of such 
methods from other fields, such as mechanical industry surface metrology and image analysis. 
In light of this variety it would be impossible to exhaustively investigate all methods. And, 
in light of our current limited understanding of the relationship between spatial patterns of 
corrosion and mechanical properties of rebars, it would be premature try to find or design the 
ultimate method to be used for corrosion pattern assessment. Rather, one of its contributions 
is to start exploring such relationships making use of techniques that have proved valuable 
and become established in other fields. The quantitative nature of the spatial analytical 
method allows an objective comparison of spatial structures of different corroded bars, both 
at different or similar levels of corrosion. Furthermore, it allows the development of 
mechanical models based on aspects of spatial pattern beyond the maximum or average cross-
sectional area loss. In summary: the modelling process is enabled to make better use of the 
available information. 
As a first step, intensity and texture quantifiers of corrosion pattern are explored. These 
metrics measure the spatial structure of corrosion, taking into account the interrelationship of 
all the corrosion depths in the measured surface. Different approaches to this type of analysis 
are obtained from the related field of mechanical industry surface metrology, as well as the 
more general domain of spatial analysis and image processing. Surface metrology allows the 
statistical analysis of the distribution of corrosion depths, using metrics such as average, 
skewness or kurtosis of the data. However, single scale analysis performed using surface 
metrology parameters does not take into account the hierarchical nature of image/surface data. 
In response to this issue, three different methods of multi-scale analysis are introduced. 
Wavelet-based analysis separates spatial data into layers of different scales and allows the 
evaluation of different scales independently. This type of analysis is particularly useful for 
studying the corrosion image texture using metrics such as energy or entropy of the image. 
The second method, kernel estimation, is a moving average process with a strong capability 
for data exploration. It allows the examination of local trends around the point of maximum 
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depth on the corroded rebar. The third method is spatial autocorrelation, which allows the 
exploration of the regularity of the corrosion pattern.   
Further insights into the corrosion pattern are achieved via shape features of spatial structure. 
Shape features rely on the segmentation of the corrosion surface so that corrosion defects are 
separated from background corrosion present on the rebar and their morphological properties 
can be studied. Three segmentation methods are investigated, namely thresholding, watershed 
algorithm and multi-scale segmentation. Analysis of the probability distribution of the area 
and volume of corrosion defects thus extracted quantitative metrics, namely average and 
standard deviation.  
The selected metrics are a good starting point as they reflect well the diversity of methods 
available. They offer input into the assessment of the effect of corrosion pattern on the 
behaviour of the rebars. This is explored in this thesis by focusing on the tensile mechanical 
properties of the corroded rebars. Hence, tensile testing of all rebars was undertaken. 
Promising results and some improvement with regards to previous predictive modelling were 
recorded. In the following, an attempt is made to summarize the main conclusions from the 
various parts of this study. 
8.2 Conclusions 
The main conclusions from this research are: 
 The 3D laser scanner based measuring method has been presented as a promising tool 
for the acquisition of corrosion measurements that can spearhead the development of 
spatial corrosion models.  
 Surface-metrological based parameters and image analysis-based features can be used 
to investigate the corrosion structure of corroded rebars. 
 Rebars with similar corrosion levels might exhibit quite different spatial patterns of 
corrosions, even where corrosion is generated in a laboratory setting.  
 For image only-based corrosion characterisation studies, wavelet-based image 
analysis methods are proposed in this study for the extraction of features to quantify 
corrosion pattern.  
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 First and second order statistics, i.e. kernel estimation and autocorrelation, can be used 
to analyse corrosion as a spatial process.  
 The lack of an objective definition for a pit could be overcome with the 
characterisation of corrosion defects in terms of their depth and size using image 
segmentation.  
 Average corrosion levels up to approximately 20%, lead to a reduction on apparent 
yield and ultimate strengths and ultimate elongation.  
 The effect of corrosion on apparent yield and ultimate strengths is fully explained by 
considering the geometric loss of section; hence, the effective yield and ultimate 
strengths remain the same for uncorroded and corroded specimens.  
 There is a strong correlation between maximum pit depth and the reduction in ultimate 
elongation. 
 Spatial metrics which are weakly related to average corrosion level are a good 
complement to traditional non-spatial corrosion quantifiers, such as the maximum pit 
depth. 
 Assessed relationships between fracture and critical points, i.e. minimum cross-
sectional area and maximum corrosion depth, allow the identification of possible 
fracture locations on the rebar.   
In summary, it is concluded that there is potential in the use of different techniques from fields 
not traditionally linked to the study of corrosion for the characterisation of corroded surfaces 
that take into account not only single critical points but also the spatial relationship between 
the points in the surface. The effective integration of data obtained through such techniques 
into mechanical models provides a better understanding of the degradation of corroded rebars 
which, in turn, improves the assessment of the state of deterioration of corroded elements and 
structures.  
8.3 Recommendations for future work 
Many areas of research became apparent during the study that can promote and improve the 
work reported herein. Recommendations for appropriate future work in this area are as 
follows: 
Conclusions and Future work 
   
                                                                                                                                                             263 
  
 Now that some methods have been identified for the study of corrosion pattern, a 
progressive study of corrosion evolution could be undertaken. This study should 
include a wider range of corrosion levels and a representative number of specimens 
at each of those levels.  
 It was initially envisaged to have been able to develop and test the approaches 
proposed herein using a set of rebars corroded under a natural environment within an 
actual structure. Despite searching for possible providers of these rebars, this task did 
not become feasible but remains worth pursuing. Moreover, an extension of the study 
to corroded patterns on ribbed rebars would also be interesting.  
 The use of 3D laser scanning techniques for the characterisation of corroded rebars 
has enabled the creation of a database of corroded rebars surfaces which can be 
subjected to a plethora of different types of analysis. As explained in Chapter 3, the 
post-processing software allows creating parametric CAD models from the 3D scans. 
These surfaces could be imported into a finite element analysis software for the 
detailed analysis of the stresses induced under different loading scenarios. This could 
help better understand the concentration of stresses around pits or the effect on stresses 
of the spatial distribution of the corrosion defects. 
 The spectrum of available techniques in the field of image analysis is very wide. Due 
to time and resource constraints, they could obviously not all be investigated. Since 
the methods proposed for analysis of corrosion pattern are only focusing on specific 
properties of corrosion pattern, further analysis of other methods for pattern 
characterisation have potential to yield new and improved results. Hence, a more wide 
ranging investigation of the different techniques available and their possible 
advantages would of interest. 
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APPENDIX A.1: 
Corrosion digital images of all rebars 
Rebar # Corrosion image 
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Appendix A.2:  
Corrosion digital and photographic images of representative 
rebars 
Rebar  # Corrosion image 
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APPENDIX B: 
Methods for analysis of statistical relationships of variables 
B.1. Simple and Multiple Linear Regression 
The different analyses of relationships between variables undertaken in this research were 
performed using MATLAB R2012a statistical toolbox. The methods applied are discussed 
here, including some simple mathematical demonstrations, however, for the more complex 
ones, the reader is referred to more thorough publications (e.g. Draper & Smith, 1981). 
Linear regression analysis is used to examine the relationship between a predictor variable, 
also known as independent variable, X, and a response or dependent variable, Y (X and Y are 
vectors of n observed values). The simple linear regression (SLR) equation is typically 
expressed in the form: 
𝑌 = 𝛼0 + 𝛼1 ∙ 𝑋 + 𝜀 (B.89) 
where 𝛼0 represents the intercept of the linear relationship and 𝛼1is the slope of said line. 
There are three main assumptions in this analysis, namely that the error term, 𝜀: (i) has zero 
mean, (ii) constant variance, and (iii) is normally distributed. 
When fitting a line to the observed data set using SLR, the aim is to obtain estimates of the 
coefficients, 𝛼0̂ and 𝛼1̂, that minimize the error, 𝜀. Mathematically, this is carried out by 
minimizing the square of the errors between the observed and predicted values of Y (this is 
also known as least squares regression). With the fitted model, the predicted values of Y for 
a given X are: 
𝑌 = 𝛼0̂ + 𝛼1̂ ∙ 𝑋 (B.90) 
The above explanation on regression analysis has focused on the case where there is only one 
independent variable. However, some of the analysis carried out in this study will require a 
model that includes multiple explanatory variables to describe the relationship with the 
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dependent variable. In these cases, a multiple linear regression (MLR) model for p 
explanatory variables is used in the form: 
where 𝛼0, 𝛼1,𝛼2, ...,𝛼𝑝 are the coefficients for explanatory variables 𝑋1, 𝑋2, ...,𝑋𝑝. The 
assumptions for this type of regression are the same as for SLR. 
Once a regression model has been constructed it is important to confirm the quality of fit of 
the model and the statistical significance of the estimated parameters.  
In order to assess the quality of the fit, the coefficient of determination, 𝑅2, is used. To 
understand this coefficient it is necessary to expose the following underlying theory. The 
squares of the errors between the observed and predicted observations can be used to evaluate 
how well a regression models fits the observed data set. The sum of the squares of the error 
in the observed data can be partitioned in the following manner: 
where n is the total number of observations in the data set. This means that the total variability 
in the observed responses, SST, is equal to the random variability unexplained by the model, 
SSE, plus the systematic variability that is explained by the regression model, SSR. Hence, 
the coefficient of determination is defined as: 
Ranging from 0 to 1, higher values of 𝑅2indicate a better fit of the model to the observed set 
of data.  
Adding new independent values to a MLR model, even if these are irrelevant, produces a 
smaller SSE and thus, a higher 𝑅2. Hence, 𝑅2is useful when comparing the goodness of fit of 
𝑌 = 𝛼0 + 𝛼1 ∙ 𝑋1 + 𝛼2 ∙ 𝑋2 + ⋯ + 𝛼𝑝 ∙ 𝑋𝑝 +  𝜀 (B.91) 
∑(𝑌𝑖 − ?̅?)
2
𝑖=𝑛
𝑖=1
=  ∑(𝑌𝑖 − 𝑌?̂?)
2
𝑖=𝑛
𝑖=1
+ ∑(𝑌?̂? − ?̅?)
2
𝑖=𝑛
𝑖=1
 
SST       =          SSE       +       SSR 
(B.92) 
𝑅2 =  
𝑆𝑆𝑅
𝑆𝑆𝑇
= 1 −  
𝑆𝑆𝐸
𝑆𝑆𝑇
 
(B.93) 
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different SLR models but when these are MLR another estimator should be used; this 
estimator is the adjusted coefficient of determination, 𝑅2̅̅̅̅ : 
where 𝑀𝑆𝐸 = 𝑆𝑆𝐸/(𝑛 − 𝑝) and 𝑀𝑆𝑇 = 𝑆𝑆𝑇/(𝑛 − 1) are the SSE and SST adjusted for the 
associated number of observation in the data set. Because this coefficient is calculated using 
the number of independent variables, p, the value does not necessarily increase with the 
addition of new variables.  
For MLR, the statistical significance of the overall regression can be assessed using a global 
significance test. MATLAB R2012a multiple linear regression function performs a global F-
test by defining a null hypothesis: 𝛼1 =  𝛼2 = ⋯ =  𝛼𝑘 = 0, calculating the test statistic 𝐹0 =
𝑆𝑆𝑅/𝑀𝑆𝐸 and obtaining the F statistic from the original F-distribution at the desired level of 
significance, or threshold level for acceptance of the hypothesis (usually 95%). If 𝐹0 is higher 
that F the null hypothesis is rejected and it can be concluded that at least one coefficient is 
not zero and at least one independent variable explains some of the response variation. These 
results are also usually given in terms of p-values, or probability of obtaining a result at least 
as extreme as the one actually observed given that the null hypothesis was true. For a 95% 
significance level, for the null hypothesis to be rejected, the p-value needs to have a value 
lower than 0.05.  
As global F-test only indicates that at least one independent variable is significant but does 
not specify which one, individual tests for the different independent variables are also 
performed. Build in linear regression function in MATLAB R2012a performs t-statistic tests 
for each coefficient to test the null hypothesis that the corresponding coefficient is zero given 
the other predictors in the model. This is done is an equivalent process to that for the global 
significance tests but using a t-distribution instead of an F-distribution. The quality of the fit 
and significance of the results can be used to assess the quality of the model.  
 
 
𝑅2̅̅̅̅ =  1 −  
𝑀𝑆𝐸
𝑀𝑆𝑇
= 1 − (
𝑛 − 1
𝑛 − 𝑝
) (1 − 𝑅2) 
(B.94) 
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